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A rapid response is necessary to contain emergent biological outbreaks before they can become pandemics. The novel coronavirus (SARS-CoV-2) that causes COVID-19 was first reported in December of 2019 in Wuhan, China and reached most corners of the globe in less than two months. In just over a year since the initial infections, COVID-19 infected almost 100 million people worldwide. Although similar to SARS-CoV and MERS-CoV, SARS-CoV-2 has resisted treatments that are effective against other coronaviruses. Crystal structures of two SARS-CoV-2 proteins, spike protein and main protease, have been reported and can serve as targets for studies in neutralizing this threat. We have employed molecular docking, molecular dynamics simulations, and machine learning to identify from a library of 26 million molecules possible candidate compounds that may attenuate or neutralize the effects of this virus. The viability of selected candidate compounds against SARS-CoV-2 was determined experimentally by biolayer interferometry and FRET-based activity protein assays along with virus-based assays. In the pseudovirus assay, imatinib and lapatinib had IC50 values below 10 μM, while candesartan cilexetil had an IC50 value of approximately 67 µM against Mpro in a FRET-based activity assay. Comparatively, candesartan cilexetil had the highest selectivity index of all compounds tested as its half-maximal cytotoxicity concentration 50 (CC50) value was the only one greater than the limit of the assay (>100 μM).
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INTRODUCTION
In December 2019, the first cases of a novel coronavirus (SARS-CoV-2) were reported in Wuhan city, Hubei province of China (World Health Organization, 2020). Symptoms of the first patients were flu-like and included fever, dry cough, headache, and myalgia, but with a tendency to develop into potentially fatal dyspnea and acute respiratory distress syndrome (Huang et al., 2020). Within a matter of weeks this coronavirus had spread to many parts of China and preliminary evidence suggests its ability to pass between people without showing outward symptoms (Rothe et al., 2020). Additionally, its transmissibility is higher than that of SARS-CoV (Xia et al., 2020). These features and likely others in the coronavirus as well as the ease of international travel has allowed the outbreak to reach every populated continent. Many countries have taken the extraordinary measure of locking down cities with populations in the millions to slow the spread of the virus. As of this writing, over 98,000,000 people have contracted SARS-CoV-2 with more than 2,100,000 fatalities worldwide (WHO Coronavirus Disease, 2020). Phylogenetic analysis of the genomic sequence of SARS-CoV-2 has shown that it is a member of the betacoronavirus genus and related to SARS-CoV and MERS-CoV (Letko et al., 2020). SARS-CoV-2 has so far has been shown to be resistant to treatments developed for its related viruses although the compound remdesivir has shown some promise and has been approved for emergency use (Beigel et al., 2020).
A concerted effort worldwide has been placed on solving protein structures from SARS-CoV-2 to better understand the lifecycle of the virus and to provide targets for vaccines and drugs (Scudellari, 2020). The trimeric spike protein was the first protein from SARS-CoV-2 to be solved and was shown to be very similar in structure to the homologous protein in SARS-CoV (Wrapp et al., 2020). Coronaviruses utilize the spike protein to recognize binding sites on cells and anchor themselves to invade their host (Belouzard et al., 2012). The spike protein has been solved by X-ray crystallography and cryo-electron microscopy with its receptor binding domain (RBD) in complex with the human receptor protein angiotensin-converting enzyme 2 (ACE2) (Lan et al., 2020; Wrapp et al., 2020). The binding of RBD to human ACE2 that allows the virus to enter the cell is very strong at 4.7–14.7 nM but surprisingly the binding interaction does not occur over a large surface area (Lan et al., 2020; Wrapp et al., 2020). Many of the ACE2-RBD interactions are located within two large loop regions in the RBD and primarily through sidechain-sidechain interactions.
The other solved protein structure from SARS-CoV-2 used in this study is the main protease (Mpro). The Mpro is a cysteine protease with a catalytic dyad consisting of Cys145 and His41. The dimeric main protease is ubiquitous in coronaviruses and plays a pivotal role in viral gene expression and replication through proteolytic processing of replicase polyproteins (Ullrich and Nitsche, 2020). The SARS-CoV-2 Mpro structure has recently been solved with the covalent inhibitor N3 and released in the Protein Data Bank (PDB, 6LU7) (Jin et al., 2020). A second structure of the SARS-CoV-2 Mpro was made available without a bound inhibitor (6Y84) (Owen et al., 2020). The main protease has a large gorge that binds and cleaves polypeptides that are critical for maturation of the virus and is an attractive site for new inhibitors.
The RBD domain of the spike protein and Mpro are promising targets for in silico small molecule studies to find molecules with inhibitory properties. We have performed a combined molecular docking, molecular dynamics simulation, and machine learning study in an effort to identify molecules that may bind to the RBD domain and/or Mpro. These bound molecules may attenuate or neutralize the effects of this virus. These predicted ligands were then tested experimentally for their ability to bind their partner protein using biolayer interferometry for the spike protein and a FRET-based reporter substrate for Mpro. Compounds that were found to bind were further tested in virus-based assays to determine their ability to neutralize SARS-CoV-2.
MATERIALS AND METHODS
Molecular Dynamics Simulations of the Apo-Proteins of the RBD of Spike and Main Protease
Classical molecular dynamics simulations were performed using the program OpenMM (Version 7.4) (Eastman et al., 2017). The AMBER force field was used for the proteins in the system (Maier et al., 2015). The individual proteins (RBD of the spike protein or the dimer of the main protease) were solvated in a TIP3P water box (Jorgensen et al., 1983) and the appropriate numbers of ions (Na+ or Cl−) were added to neutralize the system. Mpro was modeled as its biologically-appropriate dimer. AM1-BCC charges (Jakalian et al., 2002) were used to model the thiolate of Cys145 and His41 was modeled as protonated in Mpro. The density of the water was simulated at 1.0 g/ml. The energy of the system was minimized before dynamics. The molecular dynamics simulations were performed in an NPT ensemble using the Langevin integrator (Salomon-Ferrer et al., 2013b). The system was coupled to a Monte Carlo thermostat at 300 K. Non-bonded interactions were cutoff at 8 Å. The electrostatics was treated using Particle Mesh Ewald summation with an 8 Å real space cutoff and a 1 Å grid (Darden et al., 1993). SHAKE was used to constrain bonds containing hydrogens (Ryckaert et al., 1977). A 2.0 fs timestep was used and each simulation was run to 100 ns. The temperature of the system was increased in increments of 50 K for 100 ps. Positional constraints were placed on backbone atoms (C, N, and CA) with a force constant of 1 kcal/mole•Å2 while the temperature was increased. Once the system has reached 300 K, an additional 1.5 ns of dynamics was performed with the positional constraints, after this time period 100 ns of dynamics was performed without the constraints.
Molecular Docking and Rescoring Calculations
The in-house ConveyorLC toolchain (Zhang et al., 2014; Zhang et al., 2017) was used to automate the docking and rescoring of compounds against each of the four binding sites identified (two spike sites and two Mpro structures/conformations). This toolchain comprises four parallel programs for protein preparation (CDT1Receptor), ligand preparation (CDT2Ligand), molecular docking (CDT3Docking), and Molecular Mechanics/Generalized Born-Solvent Accessible Surface Area (MM/GBSA) rescoring (CDT4mmgbsa). The ConveyorLC toolchain depends on a number of external libraries, including the Message Passing Interface (MPI) library, the C++ Boost library, the Conduit library, the HDF5 library, and several molecular simulation packages, including Autodock Vina, (Trott and Olson, 2010) the AMBER molecular simulation package (Salomon-Ferrer et al., 2013a), and MGLTOOLS (Morris et al., 2009). Computational results are aggregated and saved in a series of HDF5 files. A few auxiliary tools are included in the toolchain to query and extract data in the HDF5 files.
Over 26 million compounds were selected from four publicly available compound libraries for docking. The ZINC database (Sterling and Irwin, 2015) FDA-approved and “world-not-FDA” drugs were assembled into a “world-approved 2018” set. From ChEMBL, approximately 1.5 million unique compounds were used (Gaulton et al., 2012). From Emolecules, approximately 18 M compounds were used (eMolecules, 2020). The remaining compounds were selected from the Enamine “REAL” database of over 1.2 billion enumerated structures of drug-like compounds predicted to be synthetically feasible (Enamine, 2020).
The CDT3Docking in the ConveyorLC toolchain is based on Autodock Vina (Version 1.1.2) and uses MPI and a multithreading hybrid parallel scheme (Trott and Olson, 2010; Zhang et al., 2013). The docking grids of the binding sites were determined by the protein preparation program in the toolchain. Compounds were prepared for docking in the following manner. SMILES strings and 2D SDF structures were imported into the Molecular Operating Environment (MOE) [Molecular Operating Environment (MOE), 2020] for removal of salts and metal-containing ligands, protonation states were set to the dominant form at pH 7, 3D structures were created and minimized, and relevant MOE descriptors were calculated. The final structures were exported from MOE as SDF files. These structures were then further processed by the ligand preparation in the toolchain by utilizing antechamber and the GAFF force field from the AMBER simulation package (Salomon-Ferrer et al., 2013a).
The over 26 million compounds described above were individually docked into each binding site for a total of more than 100 million docking simulations. An exhaustiveness of 16 was used for ligand pose sampling. The top 10 poses were kept for each docking calculation. Compounds that had a docking score equal to or better than −7.5 kcal/mole were saved in HDF5 files for further study. Using this score threshold, we selected ∼1% of total compounds or approximately 1 million protein-compound complexes for each binding site.
The selected protein-compound complexes were rescored using CDT4mmgbsa in the ConveyorLC toolchain. A total of ∼10 million poses were rescored for each binding site because each complex typically had 10 docking poses. CDT4mmgbsa employs a master-worker parallel scheme, where the master is in charge of job dispatching and each worker receives jobs from the master and performs an MM/GBSA calculation using the AMBER sander program. The AMBER force field (amberff14SB) (Maier et al., 2015) was used for the proteins; the apo proteins’ MM/GBSA energies were previously determined in the CDT1Receptor step. Partial atomic charges for the compounds were computed by antechamber using the AM1-BCC method (Jakalian et al., 2002); each compound’s charges were previously calculated by the CDT2Ligand step. An energy minimization–1,000 steps of steepest descent and 1,000 additional steps of conjugate gradient–was performed on each docked compound-protein complex using the modified generalized Born model of Onufriev, Bashford, and Case with model 2 radii (igb = 5) (Onufriev et al., 2000) with a nonbonded cutoff of 25 Å. The MM/GBSA energy of the minimized protein-compound complex structure was calculated using an infinite cutoff (999 Å) and a protein dielectric constant of 4. The binding affinity was computed by MM/GBSA energy of the complex subtracted from the sum of the MM/GBSA energies of the apo protein and the isolated compound.
Molecular Dynamics Simulations of World-Approved 2018 Co-Complexes
Molecular dynamics (MD) simulations were performed for each of the world-approved 2018 complexes down-selected from the top 1% of docked compounds (see Supplementary Table S1). The best scoring single-point MM/GBSA co-complex structure was selected as a starting conformation for the MD simulations. The MD simulations were performed using the pmemd_cuda program in AMBER (Salomon-Ferrer et al., 2013b). The catalytic dyad (His41-Cys145) of the main protease was modeled as charged residues. Charges for the thiolate of Cys145 were obtained from AM1-BCC calculations (Jakalian et al., 2002). The General Amber Force Field (GAFF) was used to model the ligands (Wang et al., 2004). The ligand-protein complex was solvated into a truncated octahedron of TIP3P water (Jorgensen et al., 1983), 50 Na+ ions with a neutralizing number of Cl− ions were added to the solution. The system was energy minimized with 500 steps of steepest descents and 1,500 steps of conjugate gradients. Initial equilibration was performed with NVT dynamics at 300 K for 200 ps with positional constraints (K = 1 kcal/mole•Å2) on the CA atoms in residues. Electrostatic interactions were treated using Particle Mesh Ewald (PME) summation (Darden et al., 1993). The nonbonded interactions were cut off at 8 Å. Further equilibration was performed with NPT dynamics for 4.8 ns. The pressure was set at 1 atm using a Monte Carlo barostat (Salomon-Ferrer et al., 2013b). The positional constraints were reduced to 0.5 kcal/mole•Å2). Production dynamics was performed for 200 ns without positional constraints. The MM/GBSA energies were calculated using MMPBSA.py (Miller et al., 2012) utilizing the Generalized Born model of Onufriev, Bashford, and Case (igb = 5) (Onufriev et al., 2000) on coordinates saved every 20 ps.
Machine Learning
To assist in determining promising compounds that may have missed the energy cutoff and complement MM/GBSA rescoring, we utilized our Structure-Based Deep Fusion Inference models. We will only briefly describe the Fusion methods, which is described in detail in a previous publication (Jones et al., 2021).
The Deep Fusion models are based on 3D convolutional neural network (3D-CNN) and spatial graph (SG-CNN) models trained independently on ligand-protein co-crystal structure data from PDBBind 2016 (Liu et al., 2017). Two types of fusion models are then built on top of the CNN layers. In the “Mid-Fusion” model, the intermediate CNN features extracted from each model are combined using a series of fully connected layers and then used to predict a ligand-protein binding score. Batch normalization and ReLU-based non-linearities are applied in each fully connected layer. In the “Late-Fusion” model, we combined the constituent CNN models’ predictions rather than their features to produce the final prediction. We used the two fusion models along with the two component CNN models to rank compounds for spike and Mpro inhibition.
We used the 3D configurations from the docking calculations in our pipeline as input for our structure-based deep learning methods. Since these models are trained using the protein binding pocket coupled with the ligand, it was necessary to develop a protocol to extract binding pockets from the SARS-CoV-2 proteins. We considered multiple volumes for the bounding box centered on the ligand centroid. We validated our choices by considering correlation (Pearson and Spearman) of the model predictions across bounding box size for all structure-based machine learning methods while additionally considering consensus with the MM/GBSA rescoring method via Pearson and Spearman correlation. Our results showed that given these metrics, the optimal bounding box configuration varied significantly and suggested that the optimal approach would be to combine results across all configurations.
Using these methods, we computed rankings of the SARS-CoV-2 protein inhibitors by scoring each compound for each target for each candidate bounding box. The predictions were then averaged across all bounding boxes to produce the final score for each protein-ligand combination. Then, for each of the models, the compounds were sorted according to predicted activity and ranked in descending order. The sum of the reciprocal rankings was then used to aggregate the rankings across all methods. The top five unique spike protein inhibitors along with the top 25 unique Mpro inhibitors were then chosen for experimental validation.
The pharmacokinetic and safety properties of the 26 million compounds used in this study were predicted with the ATOM Modeling PipeLine (AMPL) (Minnich et al., 2020), a data-driven pipeline for drug discovery, and the Maestro workflow manager (Di Natale, 2017). Chemical descriptors were computed with MOE and Mordred from 2D and 3D structures and graph (Ramsundar et al., 2019) and fingerprint representations. Fully connected neural networks, graph convolution, and random forest models were considered, and the best models selected using AMPL. A total of 30 models with 23 distinct targets were used for property prediction and are summarized in Supplementary Table S2. Results for the 9 models trained on public data are available at https://covid19drugscreen.llnl.gov.
Spike RBD and ACE2-Fc Protein Production and Purification
The gene for the SARS-CoV-2 spike protein (NC_045512.2) was codon-optimized for expression in mammalian cells and subcloned into pcDNA3.4 with the native secretion signal and a C-terminal His8 tag. The plasmid was transfected into Expi293 cells and cultured for 5 days according to the manufacturer (ThermoFisher Scientific). Cells were harvested by centrifugation and the spike-containing culture medium was sterile-filtered, pH adjusted to 7.4 using PBS, and captured on a HisTrap Excel (Cytiva) using the Akta Pure FPLC system. The column was washed with wash buffer (20 mM sodium phosphate, 300 mM sodium chloride, 40 mM imidazole, pH 7.4) and eluted with wash buffer containing 500 mM imidazole. Fractions containing spike RBD were pooled and concentrated using a 10 kDa MWCO centrifugal concentrator (ThermoFisher). The concentrated protein was loaded onto a Superdex 200 Increase 10/300 GL equilibrated with PBS, pH 7.4. Fractions containing spike RBD were pooled and concentrated as before.
The ACE2-Fc fusion construct was made by subcloning the ectodomain of the human ACE2 gene (Sino Biological) into the pCR3-Fc vector, which contains the CH2 and CH3 domains of human IgG1 as previously described (Negrete et al., 2006). The ACE2-Fc containing plasmid was transfected into ExpiCHO cells and cultured for 7 days according to the manufacturer (ThermoFisher Scientific). Cells were harvested by centrifugation and the ACE2-Fc-containing culture medium was sterile-filtered, pH adjusted to 7.4 using PBS, and captured on a MabSelect PrismA column (Cytiva) using the Akta Pure FPLC system. The column was washed with wash buffer (50 mM sodium phosphate, 150 mM sodium chloride, pH 7.4) and eluted with 100 mM sodium citrate pH 3. Fractions containing ACE2-Fc were pooled and concentrated using a 10 MWCO centrifugal concentrator (ThermoFisher). The concentrated protein was loaded onto a Superdex 200 Increase 10/300 GL equilibrated with PBS, pH 7.4. Fractions containing ACE2-Fc were pooled and concentrated as before.
Biolayer Interferometry Competition Assay for Spike Protein binding Compound
The competitive binding assays were performed by biolayer interferometry using the Octet RED96 system (FortéBio). All experiments were performed using 96 well microplates (Greiner Bio-One) at 30°C with the shaking speed of 1,000 rpm and samples were diluted in kinetic buffer (PBS containing 0.02% Tween 20, 0.1% bovine serum albumin). Octet anti-human Fc (AHC) biosensors were pre-equilibrated in biosensor buffer [kinetic buffer (KB) containing 10 µg/ml biocytin] for 30 min before use in experiments. SARS-CoV-2 RBD was pretreated with candidate compounds for 30 min prior to assay start. Human ACE2-Fc protein was immobilized on the surface of the AHC biosensor tip and followed by a baseline step of 120 s in KB. ACE2-captured biosensors were immersed in wells containing different concentrations (5–100 µM) of small molecule and SARS-CoV-2 RBD for 180 s followed by dissociation step for 200 s. The raw data was analyzed using Octet Data Analysis High Throughput software (FortéBio). Binding sensorgrams were aligned at the beginning of the binding cycle, double reference subtracted and Savitzky Golay filtered data were globally fit to a 1:1 binding model. A total of 32 compounds (see Supplementary Table S3) were tested against the RBD. All compounds were purchased from TargetMol at 97% purity or higher and used without further purification.
Mpro and FRET Substrate Protein Production and Purification
The gene for the SARS-Cov-2 Mpro (from Genbank MN908947.3) was codon-optimized for expression in E. coli and subcloned into a pET-32 vector, with a N-terminal GST tag connected by an auto-cleavage sequence and a C-terminal His6 tag. The plasmid was transformed into BL21 DE3 E. coli and streaked onto ampicillin plates. Individual colonies were picked and used to inoculate 50 ml starter cultures, which were grown in lysogeny broth (LB) containing ampicillin overnight at 37°C. The 50 ml starter cultures were then used to inoculate 1 L of LB, which was incubated at 37°C until OD = 0.6 to 0.9, at which point IPTG was added to a final concentration of 400 µM and cells were incubated with gentle shaking at 16°C overnight. Cells were then pelleted, flash frozen in liquid nitrogen, and stored at −80°C. The pellet from 100 ml of culture was thawed, resuspended in 10 ml BugBuster master mix (Millipore Sigma), and gently inverted at 4°C for 1 h to lyse. The insoluble fraction of the lysate was then spun down and the supernatant was sterile-filtered prior to capture on a Ni NTA column. The lysate was diluted with Buffer A (20 mM Tris, 100 mM NaCl, 5 mM Bme, pH 8.0), and Ni NTA Buffer B (20 mM Tris, 100 mM NaCl, 5 mM Bme, 500 mM imidazole, pH 8.0) was added to a final concentration of 10 mM imidazole. The lysate was then loaded onto a 5 ml HisTrap Ni NTA column (GE Healthcare) using an FPLC system (Bio-Rad), and eluted with Ni NTA Buffer B. Fractions containing the eluted protein were pooled and spin-exchanged into Buffer A using 10 kDa MWCO Amicon Ultra centrifugal filters (Millipore Sigma). The C-terminal His6 tag was then cleaved off by incubating the concentrated protein with 30 µg of N-terminally His-tagged HRV-3C protease (Sigma-Aldrich) overnight at 4°C. The digested protein was applied again to the Ni NTA column, and the flowthrough was collected and used directly for ion exchange chromatography.
The flowthrough was loaded onto a 5 ml High Q anion exchange column (Bio-Rad) and proteins were eluted with a linear gradient of IEX Buffer B (20 mM Tris, 1 M NaCl, 5 mM Bme, pH 8.0). To our surprise, the Mpro was found in the flowthrough rather than the eluted fractions. The flowthrough was collected, buffer exchanged into storage buffer (20 mM Tris, 150 mM NaCl, 1 mM TCEP, pH 7.8), flash-frozen, and stored at −80°C. Purity appeared to be >99% by SDS-PAGE and staining with SimplyBlue SafeStain (ThermoFisher).
The fluorescence resonance energy transfer (FRET)-based Mpro substrate was cloned into pET bacterial expression vector starting from a pcDNA.31-Clover-mRuby2 plasmid with a cloned linker sequence FGAARAVLQSGFRAADP between the Clover and mRuby2 FRET protein pairs. The cloned linker sequence is a protease substrate and cleaves the peptide backbone between residues QS. pcDNA3.1-Clover-mRuby2 was a gift from Kurt Beam (Addgene plasmid # 49089; http://addgene.org/49089; RRID:Addgene_49089). The kanamycin-resistant pET plasmid was transformed into BL21(DE3) cells (NEB) and cultures were induced with IPTG (0.5 mM) at 15°C overnight with gentle shaking (150 RPM). The FRET substrate was subsequently purified by standard Ni-NTA affinity techniques, as described above.
Mpro FRET-Based Activity Assay
Mpro inhibitor screening and half maximal inhibitory concentration (IC50) analysis were performed in 384 well assay plates, in 25 ml final volumes using 1875 ng of substrate and 375 ng of Mpro diluted in assay buffer (0.0033% Triton-X100, 50 mM Tris-HCl, 150 mM NaCl, pH 7.4). All compounds were diluted with DMSO to volumes of 2.5 μl to obtain a 10% final concentration of DMSO in the 25 μl reaction. Percent cleavage of the FRET substrate was measured on a Tecan Spark®. Fluorescence emission at 620 nm was measured for each well using excitations at 560 nm (excite mRuby2, emit mRuby2), and 485 nm (FRET from Clover to mRuby2). The FRET signal was normalized to the fluorescence of mRuby2 for each well. All assays were run in technical replicates and averaged. This data was then normalized to the average of the -protease wells (16 replicates per plate). The data was then analyzed in GraphPad Prism 9, wherein the “Normalize” tool was used to set the %FRET values for the +protease control to 0 and the–protease controls to 1.0. Both protease controls utilized 16 replicates per plate. The Z-factor is calculated using the + and -protease control wells (Zhang et al., 1999). This sets the min/max signals for normalization. All wells had DMSO, as compounds were in DMSO. Complete reactions were run on SDS-PAGE gels to assess protein cleavage independently of FRET measurements. Gel densitometry analysis (analyzed using ImageJ) justified the 100 and 0% cleavage in the +protease and –protease controls, respectively, at the time points used for analysis. In each experiment, measurements were taken at several time points, however only end-point data (at which time the +protease control reactions have gone to completion) has been presented herein, at about 4 h post addition of protease. A total of 91 compounds (see Supplementary Table S4) were tested against Mpro. All compounds were purchased from TargetMol at 97% purity or higher and used without further purification.
Viral Infection Assays
A pseudotyped, replication-competent vesicular stomatitis virus (VSV) expressing the SARS-CoV-2 spike gene (VSV-SARS2) in place of its own VSV-G gene was provided by Dr. Sean Whelan (Case et al., 2020) and used to screen compounds predicted to target the SARS-CoV-2 spike. VSV-SARS2 also expresses GFP allowing for rapid analysis of infection based on reporter expression under BSL-2 containment. Initial drug screening was performed by incubating the compounds at 10 µM with VSV-SARS2 or VSV-GFP (VSV) as a specificity control for 30 min prior to their addition to Vero cells seeded in a 96-well plate. Infection was performed for 1 h with a multiplicity of infection (MOI) of 0.5 for VSV-SARS2 and 0.1 for VSV. The infection media was subsequently removed, replaced with fresh media and fluorescent protein measurements were collected 18–24 h post-infection. Down-selected compounds were subjected to IC50 analysis using dilutions of drug starting at 100 mM concentrations following a similar infection protocol against VSV-SARS2 under BSL-2 containment or recombinant SARS-CoV-2 expressing the mNeon reporter gene (provided by Dr. Pei Yong Shi) (Xie et al., 2020) under BSL-3 containment. The compounds were screened starting at 100 μM using an 8-point, 1:2 dilution series with infections being performed at a MOI of 0.2. In addition, Presto-Blue cytotoxicity assays were performed using a similar dilution series in uninfected cells to determine relative cell viability to drug-only treatments. Fluorescent values were background subtracted using no-infection controls and normalized to no-treatment infection values. IC50 curves and values generated using GraphPad Prism 9.
RESULTS AND DISCUSSIONS
Computational Predictions
Molecular dynamics simulations were performed on both the RBD of the spike protein and the Mpro to identify alternative conformations from the crystal structure (PDB, 6M0J) (Lan et al., 2020). For the RBD structure, a total of twelve 100 ns simulations were performed (aggregate 1.2 µs of dynamics). The structures from the last 20 ns from each simulation was collected and clustered. There were only slight changes in the conformation of residues that would form interactions with ACE2. The most variable region within RBD was located at the opposite end of the protein relative to the ACE2 binding sites. The stability of the ACE2 binding regions likely is not surprising given the high binding constant of RBD to ACE2 and relatively small contact region (Lan et al., 2020). The dynamics of the Mpro dimer shows the residues near the active site are stable except for the loop formed by residues Cys44-Pro52 (Bzowka et al., 2020). This loop shifts position in both monomers and moves the associated residues further from the active site.
We identified two binding sites within the RBD of the spike protein and within the Mpro proteins binding sites as shown in Figure 1. In the RBD, two sites were chosen that are proximal to critical residues that bind human ACE2. Both sites in the RBD are formed by stable loop areas. The first site is in the proximity of a beta-turn formed by residues 501–505 and denoted spike1 below. This region forms several interactions with ACE2 and the corresponding residues in the SARS-CoV-2 spike protein form the major recognition site for neutralizing antibodies. We used the crystal structure (PDB, 6M0J) for docking to this site since the protein conformations sampled from MD simulations did not significantly differ from the crystal structure. The second site is stabilized by a disulfide (Cys480-Cys488) that connects the loop at the end of the receptor-binding motif (RBM) and denoted spike2 below. These two regions include the two key mutations of the variants of concern–E484K and N501Y (Voloch et al., 2020; Fiorentini et al., 2021). During the MD simulations, it was observed that the sidechains of residues Lys458 and Glu471 become solvent-exposed. In the crystal structure, these two residues are in close proximity and divide a potential binding site into two small sites. In the MD structure, these residues are solvent-exposed and a single larger binding site is present (Figure 1B). We used the MD structure for docking to this site. We limited our drug discovery efforts on the spike protein to two sites in the proximity of the RBD-ACE2 interface where the small molecule would directly interfere with formation of the protein complex. There are likely other drug binding sites within the spike protein that can affect ACE2 binding (Olotu et al., 2020; Verkhiver, 2020) but determining their locations experimentally is non-trivial.
[image: Figure 1]FIGURE 1 | Panel (A) shows the docking site on the RBD of the spike protein in red (by residues 501–505) that are at the interface with ACE2 (show in green) and denoted spike1 in the text. A smaller secondary binding site (denoted spike2) in the spike protein in receptor binding motif domain was detected and used for docking studies (B). Panel (C) and (D) show the binding site of the Mpro with the N3 inhibitor removed (6LU7) is protease1 and the apo protein (6Y84) is protease2. The S2 binding pocket is below the sidechains of Met49 and Gln189 and is not visible in the picture.
The main protease is a cysteine protease with a catalytic dyad consisting of Cys145-His41. To accommodate its natural polypeptide substrates, a large gorge is present on the surface of the enzyme. The covalent inhibitor N3 is based on the tripeptide Ala-Val-Leu and reacts with the thiolate of Cys145. Two crystal structures of Mpro have been solved recently. The 6LU7 crystal structure was solved with the covalent inhibitor N3 in the active site (denoted protease1 in the text) (Jin et al., 2020). A second structure 6Y84 (denoted protease2 in the text) was solved as an apo protein in a different space group relative to 6LU7 (Owen et al., 2020). This crystal structure’s active site differs from 6LU7 with N3 removed. The sidechains of Met49 and Met165 change positions depending upon having N3 present. The shifts in positions of these methionine residues enlarge the active site. In the MD simulations, Met49 shifts position away from the active site to also enlarge this region. We chose to use the crystal structure of 6Y84 as another site for docking since the changes relative to 6LU7 are small but the positional change in Met49 changes/enlarges the active site. In Figures 1C,D we show the two conformations of the active site, one from each of these crystal structures of Mpro, were used for our docking study.
We docked over 26 million compounds to these four sites (two spike sites and two Mpro structures/conformations) to find possible binders that could either interfere with protein binding (RBD of spike protein) or inhibit substrate binding (Mpro). Although all the compounds docked to these four sites are supposed to be commercially available or can be synthesized, to expedite experimental testing we will focus our discussion on the world-approved 2018 set. The computational results on the other 26 million compounds docked to the four sites are freely available online at https://covid19drugscreen.llnl.gov. The docking score energy cutoff of–7.5 kcal/mole reduced the number of compounds to 136 in the spike1 site and 50 in the spike2 site in the RBD of the spike protein. The larger binding site of the main protease had a greater number of ligands for further testing, 916 for the protease1 site of the main protease2 site. All these compounds were interrogated for activity using our ML Fusion model and MM/GBSA single point calculations to identify the most promising compounds. Each compound bound to its respective site was ranked from highest to lowest by energies for Vina docking score, MM/GBSA energy, and Fusion model. The final ranking of the compounds in their respective sites were inverted (i.e., 1/rank) and weighted by 1.2•(MM/GBSA) + 1.0•(Fusion model) + 0.8•(Vina docking). We believe the physics-based MM/GBSA to be our most accurate method and molecular docking the least predictive method relative to experiment. Because of the modest number of compounds remaining after the energy cutoff, molecular dynamics simulations were performed on all the ligand-protein complexes to obtain an average MM/GBSA energy and to investigate whether the protein dynamics were altered by formation of the complex.
Disruption of RBD binding to ACE2 would prevent infection by SARS-CoV-2. Docking to the spike1 site on the RBD puts the ligand in direct conflict with ACE2 binding when the protein complex is formed. A relatively small number of compounds were able to make the MM/GBSA rescoring energy cutoff for further molecular dynamics simulations since this binding site is relatively shallow. 134 compounds were simulated in the spike1 site using their five lowest-energy docking poses and their average MM/GBSA was determined from the ligand-protein conformations from the MD trajectory. The root mean squared deviation (RMSD) of the protein backbone from the crystal structure was used as an additional criterion to determine the stability of the ligand-protein complex. To successfully disrupt formation of the protein complex, the compounds must have a low MM/GBSA binding energy and be stable within the binding site. Twenty-eight compounds had an average MM/GBSA below −30 kcal/mole and an RMSD 4 Å or less (recentering and was only performed on the protein) for at least one of their simulations. Some compounds on this list that are of additional interest additional interest are accolate, tasosartan, and olmesartan medoxmil. Accolate is used to control and prevent symptoms of asthma such as wheezing and shortness of breath. Tasosartan is an angiotensin II receptor agonist. Olemsartan medoxomil is an angiotensin II receptor blocker. Several studies have pointed to improved outcomes when COVID19 patients have used angiotensin II receptor blockers/inhibitors (Meng et al., 2020; Sanchis-Gomar et al., 2020; Zhang et al., 2020).
The spike2 binding site is located in the receptor binding motif (RBM) of the RBD. This binding site does not directly interfere with formation of a protein-protein complex, however it is in close proximity with a group of aromatic residues (Phe456, Tyr473, and Tyr489) that form interactions with ACE2. We speculated that having a bound compound proximal to these residues might disrupt the positioning of these aromatic residues and affect ACE2 binding. From an initial 134 compounds, only 50 compounds had a MM/GBSA below −30 kcal/mole and an RMSD less than 4 Å during at least one of the simulations. Interestingly, several of the best binding compounds are diuretics or metabolites (glucuronides). The considerable number of polar and charged residues in the vicinity makes this a favorable environment for the glucuronic acid.
In docking calculations of the main protease, two different crystal structures were utilized for docking because the sidechain positions of Met49 and Met165 in the active site vary due to one structure had the ligand N3 (6LU7) present while the other was empty (6Y84). Although the shape of the active site differs, there were 535 compounds that were common to both structures out of the more than 900 compounds that made the initial −7.5 kcal/mole single point energy cutoff for each protein structure. Since there is no indication which structure is preferred, the compounds were ranked by the sum of their average MM/GBSA energies. Several of the top-scoring compounds that bind to both active site conformations are described here. Cefoperazone is a semi-synthetic beta-lactam antibiotic. Irinotecan is a plant alkaloid that acts as a topoisomerase inhibitor used to treat colon and small-cell lung cancers. Its relatively rigid structure allows it to span the length of the active site. Rutin is a citrus flavonoid consisting of quercetin and the disaccharide rutinose and used as an alternative medicine. Several compounds are protease inhibitors or metabolites of drugs. AFN911 is a metabolite of imatinib (benzylic hydroxylation). Losartan n2-glucuronide is the metabolite of losartan (an angiotensin II receptor antagonist). Saquinavir is an antiretroviral drug (protease inhibitor) used to treat HIV/AIDS. Teniposide is a topoisomerase II inhibitor used for treatment of several childhood cancers. Cabozantinib is a tyrosine kinase inhibitor that is used as mediation for medullary thyroid cancer and renal cell carcinoma. Intriguingly, the angiotensin II receptor blocker olmesartan medoxomil was also predicted to bind well to the spike protein. The compounds rutin, losartan, imatinib, saquinavir, and tenposide have been seen in other computational screens (Bello et al., 2020; Huynh et al., 2020; Pant et al., 2020; Nejat and Sadt, 2021). Losartan and imatinib have undergone clinical trials with COVID19 patients (Aman et al., 2021; Puskarich et al., 2021). Most of the metabolites found in the computational screens unfortunately were not available for purchase.
Experimental Validation
Experimental testing of the predicted binders for Mpro was performed by utilizing a fluorescence resonance energy transfer (FRET) based activity assay (Figure 2A). This FRET assay consisted of a substrate composed of two fluorescent proteins, Clover and mRuby2, linked through a Mpro recognition sequence. Supplementary Figure S1 shows the advantage of a protein-based substrate over standard peptide-based methods was to allow for verification of FRET values by independent, FRET-independent gel electrophoresis. The assay was optimized using a positive control compound called Ebselen, a low micromolar Mpro inhibitor (Jin et al., 2020). Supplementary Table S4 shows the results from our initial screen, from which, 19 compounds were down-selected and tested in a secondary screen where four compounds were found to completely inhibit the activity of Mpro at 100 μM concentrations and are shown in Figure 2C. These identified compounds included candesartan cilexetil, FAD, tigecycline and tetracycline (see Figure 3). Candesartan cilexetil is an angiotensin II receptor antagonist prodrug. Flavin adenine dinucleotide is a redox-active coenzyme. Tigecycline is a glycylcycline antibiotic and closely related to tetracycline. These were the only two compounds that bind Mpro and had a similar molecular structure. In Figure 2D we show that these four compounds were relatively weak inhibitors of Mpro compared to Ebselen as the IC50 values were calculated to be 67.4 µM for candesartan cilexetil, 42.5 µM for FAD disodium, 21.5 µM for tigecycline, and 20.8 µM for tetracycline. The IC50 values were comparable to gel electrophoresis-based analysis of the cleaved substrate products with the exception of FAD as shown in Figure 2D and Supplementary Figure S1. Importantly, candesartan cilextetil has been previously identified as a Mpro inhibitor with a IC50 of 2.8 µM (Li et al., 2020) although the fluorogenic substrate used was slightly shorter than the substrate utilized in this study. Additionally, candesartan cilexetil has inherent fluorescent properties that make determining its cleavage inhibition difficult.
[image: Figure 2]FIGURE 2 | Predicted Mpro drug inhibitors screened using a FRET-based protease assay with five down-selected hits. (A) A schematic of the FRET-based SARS-CoV-2 main protease assay is shown along with the hit identification overview. (B) Purified Mpro and FRET substrate proteins were incubated in the presence of 100 μM of drugs from a library of computationally predicted Mpro inhibitors. No drug, no protease, and Ebselen were used as controls to calculate the Z-factor for each plate and an average score is displayed above. Red dots indicated no drug (0% inhibition) or no protease (100% inhibition) conditions, while the black dots are the ordered percent inhibition values. (C) Identified hits from the primary screen were re-screened at 100 μM and the FRET values were normalized as percent inhibition values in the bar graph. Experiments were performed in duplicate and the presented results are the average values. (D) Verified compounds form rescreening were subjected to half-maximal inhibitory concentration (IC50) analysis. Presented values are averaged from technical duplicate experiments. Black lines and values represent normalized data from FRET values while the red lines and values represent normalized data from gel electrophoresis (Supplementary Figure S1) and densitometry.
[image: Figure 3]FIGURE 3 | Molecular of structures for compounds that have a repressive effect on some aspect of the virus activity: (A) candesartan cilexetil, (B) flavin adenosine dinucleotide, (C) lapatinib, (D) tetracycline, (E) tigecycline, (F) imatinib, (G) icotinib, (H) adapalene, and (I) gestrinone.
The compounds computationally predicted to target the SARS-CoV-2 spike protein RBD were screened by pseudotyped virus assay and biolayer interferometry competitive assay (BLI). Compounds were tested for their ability to inhibit ACE2-spike binding via BLI competitive assays on Octet RED96 platform (Forte Bio). In this assay, human ACE2-Fc was immobilized on AHC biosensors and binding to soluble SARS-CoV-2 RBD was detected. The RBD was pre-treated with candidate compounds at increasing concentrations prior to assay. In Figure 4, we show an inhibitor concentration-dependent decrease in ACE2-RBD binding in samples pretreated with adapalene, imatinib, lapatinib, gestrinone, and icotinib. Adapalene is a topical retinoid used to treat acne. Icotinib and lapatinib are inhibitors of the tyrosine kinase EGFR. Imatinib is used to treat chronic myelogenous leukemia (CML). Gestrinone is a synthetic steroid used to treat endometriosis. An imatinib metabolite (AFN911) has previously been identified in this study as also a possible Mpro inhibitor.
[image: Figure 4]FIGURE 4 | Inhibition of ACE2-RBD binding after pre-treatment with 50 μM compound measured by Biolayer interferometry.
In parallel, the computationally-predicted spike binding compounds were screened using a cell-based infection assay. The spike compound library set was screened against a BSL-2 surrogate virus encoding the SARS-CoV-2 spike protein that mimics ACE2-dependent SARS-CoV-2 fusion and cell entry (Case et al., 2020). The replication-competent pseudotyped virus, termed VSV-SARS2 (see Methods), expresses a GFP reporter upon cell infection and replication that was used as an indicator of infection in the drug screen. From the initial library set of 32 compounds, only imatinib and lapatinib were found to inhibit VSV-SARS2 at 10 μM at ∼50% or greater efficacy as shown in Figure 5A and Supplementary Table S3. To check for specificity, the compounds were screened against VSV and none were found to have a significant impact on infection thus indicating the two hits were spike-dependent. The IC50 values of imatinib and lapatinib were 6.9 and 7.1 μM against VSV-SARS2, respectively (Figure 5B).
[image: Figure 5]FIGURE 5 | Predicted spike drug inhibitors screened using a VSV-SARS2 infection assay reveals two promising hits. (A) Individual drugs from the library set were used at 10 μM to treat GFP reporter viruses, VSV-SARS2 and VSV, for 30 min prior to infection of Vero cells at 0.5 MOI or 0.1 MOI respectively. The infection media was replaced with fresh media at 1 h post-infection and fluorescent reporter values were measured the next day. (B) Half-maximal inhibitory concentration (IC50) curves and values were obtained for Imatinib (compound 20) and Lapatinib (compound 19) using the same VSV-SARS infection assay performed for library screening. All data were normalized as percent infection or inhibition for drug-treated conditions vs. no-treatment control. The values are means, with error bars displaying standard deviation between the triplicate wells.
Finally, to further validate the anti-viral effects of identified Mpro and spike hits, the compounds were evaluated under BSL-3 containment using a SARS-CoV-2 reporter virus expressing mNeon (Xie et al., 2020). Figure 6 shows the plotted IC50 and half-maximal cytotoxicity concentration 50 (CC50) graphs for four compounds where virus inhibition was not simply due to the cytotoxicity induced by the drug alone. Imatinib, adapalene and candesartan cilexetil had IC50 values of approximately 10 μM against SARS-CoV-2 in a cell-based assay, while lapatinib had an IC50 value of 31.1 µM. The best scoring conformation of these four compounds with their target protein is shown in Figure 7. Comparatively, candesartan cilexetil had the highest selectivity index of all four compounds as its CC50 value was the only one greater than the limit of the assay (>100 μM, Figure 6). Similar results for candesartan cilexetil were obtained against Vero-E6 cells (Alnajjar et al., 2020). Interestingly, candesartan cilexetil is only effective as the prodrug. Candesartan cilexetil is rapidly ester hydrolyzed in the gastrointestinal tract into the angiotensin II receptor antagonist candesartan. Candesartan was tested in the FRET-based activity assay and found to have no effect. The active agent against the virus is either the intact prodrug or just the cyclohexyl-1-hydroxylethyl carbonate is required. Additionally, to our knowledge, this is the first time the retinoid adapalene has been shown to be effective against SARS-CoV-2.
[image: Figure 6]FIGURE 6 | Percentage inhibition and percentage cytotoxicity graphs form SARS-CoV-2 infection studies that show large therapeutic indexes in three hits. Varying concentrations of imatinib, lapatinib, and adapalene were used to treat virus for 30 min prior to infection in Vero cells, while candesartan cilexetil was added directly to cells without pre-treatment to virus. Infections were performed using SARS CoV-2mNeon at an MOI of 0.2. At 1 h post-infection, the media was removed and replaced with fresh media. Fluorescent reporter values were recorded 18 h post-infection. Similarly, Vero cells were treated with varying concentrations of indicated drugs, incubated for 18 h prior to analysis by Presto-Blue assays to assess cytopathic effect. Data were normalized to percent inhibition or percent cytotoxicity for drug-treated cells vs. no-treatment control. The values are means, with error bars displaying standard deviation between the triplicate wells. Half-maximal inhibitory concentration (IC50) curves and values are represented in black while half-maximal cytotoxicity concentration 50 (CC50) curves and values are represented in red.
[image: Figure 7]FIGURE 7 | Best-scoring pose from docking for (A) lapatinib, (B) imatinib, and (C) adapalene to the receptor binding domain of the spike protein (spike1 site). Panel (D) shows the best-scoring dock pose for candesartan cilexetil to Mpro. Labels identify protein residues neighboring the docked compounds.
CONCLUSION
The COVID19 pandemic is the worst in the last century and has highlighted the critical need for a rapid response for identifying inhibitors to combat biological outbreaks before they become unmanageable. Leveraging high performance computing, we combined molecular simulations and machine learning to identify compounds that could possibly bind to the selected protein targets. Yet, computational identification of possible compounds is only the first step to finding an inhibitor. The viability of these selected compounds to inhibit protein function is critical and must be tested in vitro and in vivo. Through experimental binding assay studies between the identified compounds and the selected proteins and virus assays, four compounds (candesartan cilexetil, imatinib, lapatinib, and adapalene) have been shown to inhibit SARS-CoV-2 virus in vitro. Interestingly, compounds predicted to bind to the spike protein affected the virus more strongly than the predicted Mpro inhibitors even though the binding site of Mpro is deeper and better defined than the spike binding site. Imatinib, adapalene and candesartan cilexetil had IC50 values of approximately 10 μM against SARS-CoV-2 in an in vitro cellular infection assay, but the prodrug candesartan cilexetil shows the most promise as its selectivity index is greater than the limit of the assay.
DATA AVAILABILITY STATEMENT
Data and results from this study are publicly available at https://covid19drugscreen.llnl.gov.
AUTHOR CONTRIBUTIONS
FL and JA conceptualized the research work and reviewed and edited the manuscript. EYL, OAN, BJB, FB, MF, BH, DJ, HK, DK, KM, EAS, BS, GAS, MWT, DRW, SW, YY, AZ, XZ, WFDB, MB, AE, SH, VL, JL, RM, DKM, MAS, FZ collected and analyzed the data and wrote the manuscript.
FUNDING
Part of this research was supported by the DOE Office of Science through the National Virtual Biotechnology Laboratory, a consortium of DOE national laboratories focused on response to COVID-19, with funding provided by the Coronavirus CARES Act. A portion of this work was funded by Lawrence Livermore National Laboratory through the Laboratory Directed Research and Development projects 20-ERD-065 and 20-ERD-062. Part of this research was also supported by the American Heart Association under CRADA TC02274 and the National Nuclear Security Administration through the Accelerating Therapeutics for Opportunities in Medicine (ATOM) Consortium under CRADA TC02349.9.
ACKNOWLEDGMENTS
The authors gratefully acknowledge Professor Xinquan Wang (Tsinghua University) for providing early access to his crystal structure of the ACE2-RBD complex. We thank Dr. Pei Yong Shi and the World Reference Center for Emerging Viruses and Arboviruses (WRCEVA) at UTMB for providing the SARS-CoV-2 mNG virus. The authors thank Livermore Computing for providing extensive computer time. Sandia National Laboratories is a multi-mission laboratory managed and operated by National Technology & Engineering Solutions of Sandia, LLC, a wholly owned subsidiary of Honeywell International Inc., for the U.S. Department of Energy’s National Nuclear Security Administration under contract DE-NA0 0 03525. All work performed at Lawrence Livermore National Laboratory is performed under the auspices of the U.S. Department of Energy under Contract DE-AC52-07NA27344. Any subjective views or opinions that might be expressed in the paper do not necessarily represent the views of the U.S. Department of Energy or the United States Government. LLNL-JRNL-819778.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fmolb.2021.678701/full#supplementary-material
REFERENCES
 Alnajjar, R., Mostafa, A., Kandeil, A., and Al-Karmalawy, A. A. (2020). Molecular Docking, Molecular Dynamics, and In Vitro Studies Reveal the Potential of Angiotensin II Receptor Blockers to Inhibit the COVID-19 Main Protease. Heliyon 6, e05641. doi:10.1016/j.heliyon.2020.e05641
 Aman, J., Duijvelaar, E., Botros, L., Kianzad, A., Schippers, J. R., Smeele, P. J., et al. (2021). Imatinib in Patients With Severe COVID-19: A Randomised, Double-Blind, Placebo-Controlled, Clinical Trial. Lancet Respir. Med . doi:10.1016/S2213-2600(21)00237-X
 Beigel, J. H., Tomashek, K. M., Dodd, L. E., Mehta, A. K., Zingman, B. S., Kalil, A. C., et al. (2020). Remdesivir for the Treatment of Covid-19 - Final Report. N. Engl. J. Med. 383, 1813–1826. doi:10.1056/nejmoa2007764
 Bello, M., Martinez-Munoz, A., and Balbuena-Rebolledo, I. (2020). Identification of Saquinavir as a Potent Inhibitor of Dimeric SARS-CoV2 Main Protease through MM/GBSA. J. Mol. Model. 26, 340. doi:10.1007/s00894-020-04600-4
 Belouzard, S., Millet, J. K., Licitra, B. N., and Whittaker, G. R. (2012). Mechanisms of Coronavirus Cell Entry Mediated by the Viral Spike Protein. Viruses 4, 1011–1033. doi:10.3390/v4061011
 Bzówka, M., Mitusińska, K., Raczyńska, A., Samol, A., Tuszyński, J. A., and Góra, A. (2020). Structural and Evolutionary Analysis Indicate that the SARS-CoV-2 Mpro is a Challenging Target for Small-Molecule Inhibitor Design. Int. J. Mol. Sci. 21, 3099. doi:10.3390/ijms21093099
 Case, J. B., Rothlauf, P. W., Chen, R. E., Liu, Z., Zhao, H., Kim, A. S., et al. (2020). Neutralizing Antibody and Soluble ACE2 Inhibition of a Replication-Competent VSV-SARS-CoV-2 and a Clinical Isolate of SARS-CoV-2. Cell Host Microbe 28, 475–485. doi:10.1016/j.chom.2020.06.021
 Darden, T., York, D., and Pedersen, L. (1993). Particle Mesh Ewald: AnN⋅Log(N) Method for Ewald Sums in Large Systems. J. Chem. Phys. 98, 10089–10092. doi:10.1063/1.464397
 Di Natale, F. (2017). Maestro Workflow Conductor. Available at: https://github.com/LLNL/maestrowf (Accessed March 1, 2020). 
 Eastman, P., Swalis, J., Chodera, J. D., McGibbon, R. T., Zhao, Y., Beauchamp, K. A., et al. (2017). OpenMM 7: Rapid Development of High Performance Algorithms for Molecular Dynamics. Plos Comput. Biol. 13, 1005659. doi:10.1371/journal.pcbi.1005659
 eMolecules (2020). eMolecules. San Diego, CA. 3430 Carmel Mountain Road, Suite 250.Available at: https://www.emolecules.com/info/products-data-downloads.html (Accessed March 1, 2020).
 Enamine (2020). Enamine1 Distribution Way. NJ: Monmouth Jct.Available at: https://enamine.net/compound-collections/real-compounds (Accessed March 1, 2020).
 Fiorentini, S., Messali, S., Zani, A., Caccuri, F., Giocanetti, M., Ciccozzi, M., et al. (2021). First Detection of SARS-CoV-2 Spike from N501 Mutation in Italy in August 2020. Lancet Infect. Dis. 21, e147. doi:10.1016/S1473-3099(21)00007-4
 Gaulton, A., Bellis, L. J., Bento, A. P., Chambers, J., Davies, M., Hersey, A., et al. (2012). ChEMBL: a Large-Scale Bioactivity Database for Drug Discovery. Nucleic Acids Res. 40, D1100–D1107. doi:10.1093/nar/gkr777
 Huang, C., Wang, Y., Li, X., Ren, L., Zhao, J., Hu, Y., et al. (2020). Clinical Features of Patients Infected with 2019 Novel Coronavirus in Wuhan, China. The Lancet 395, 497–506. doi:10.1016/s0140-6736(20)30183-5
 Huynh, T., Wang, H., and Luan, B. (2020). Structure-based lead Optimization of Herbal Medicine Rutin for Inhibiting SARS-CoV-2's Main Protease. Phys. Chem. Chem. Phys. 22, 25335–25343. doi:10.1039/d0cp03867a
 Jakalian, A., Jack, D. B., and Bayly, C. I. (2002). Fast, Efficient Generation of High-Quality Atomic Charges. AM1-BCC Model: II. Parameterization and Validation. J. Comput. Chem. 23, 1623–1641. doi:10.1002/jcc.10128
 Jin, Z., Du, X., Xu, Y., Deng, Y., Liu, M., Zhao, Y., et al. (2020). Structure of Mpro from SARS-CoV-2 and Discovery of its Inhibitors. Nature 582, 289–293. doi:10.1038/s41586-020-2223-y
 Jones, D., Kim, H., Zhang, X., Zemla, A., Stevenson, G., Bennett, W. F. D., et al. (2021). Improved Protein-Ligand Binding Affinity Prediction with Structure-Based Deep Fusion Inference. J. Chem. Inf. Model. 61, 1583–1592. doi:10.1021/acs.jcim.0c01306
 Jorgensen, W. L., Chandrasekhar, J., Madura, J. D., Impey, R. W., and Klein, M. L. (1983). Comparison of Simple Potential Functions for Simulating Liquid Water. J. Chem. Phys. 79, 926–935. doi:10.1063/1.445869
 Lan, J., Ge, J., Yu, J., Shan, S., Zhou, H., Fan, S., et al. (2020). Structure of the SARS-CoV-2 Spike Receptor-Binding Domain Bound to the ACE2 Receptor. Nature 581, 215–220. doi:10.1038/s41586-020-2180-5
 Letko, M., Marzi, A., and Munster, V. (2020). Functional Assessment of Cell Entry and Receptor Usage for SARS-CoV-2 and Other Lineage B Betacoronaviruses. Nat. Microbiol. 5, 562–569. doi:10.1038/s41564-020-0688-y
 Li, Z., Li, X., Huang, Y.-Y., Wu, Y., Liu, R., Zhou, L., et al. (2020). Identify Potent SARS-CoV-2 Main Protease Inhibitors via Accelerated Free Energy Perturbation-Based Virtual Screening of Existing Drugs. Proc. Natl. Acad. Sci. USA . 117, 27381–27387. doi:10.1073/pnas.2010470117
 Liu, Z., Su, M., Han, L., Liu, J., Yang, Q., Li, Y., et al. (2017). Forging the Basis for Developing Protein-Ligand Interaction Scoring Functions. Acc. Chem. Res. 50, 302–309. doi:10.1021/acs.accounts.6b00491
 Maier, J. A., Martinez, C., Kasavajhala, K., Wickstrom, L., Hauser, K. E., and Simmerling, C. (2015). ff14SB: Improving the Accuracy of Protein Side Chain and Backbone Parameters from ff99SB. J. Chem. Theor. Comput. 11, 3696–3713. doi:10.1021/acs.jctc.5b00255
 Meng, J., Xiao, G., Zhang, J., He, X., Ou, M., Bi, J., et al. (2020). Renin-angiotensin System Inhibitors Improve the Clinical Outcomes of COVID-19 Patients with Hypertension. Emerging Microbes & Infections 9, 757–760. doi:10.1080/22221751.2020.1746200
 Miller, B. R., McGee, T. D., Swails, J. M., Homeyer, N., Gohlke, H., and Roitberg, A. E. (2012). MMPBSA.py: An Efficient Program for End-State Free Energy Calculations. J. Chem. Theor. Comput. 8, 3314–3321. doi:10.1021/ct300418h
 Minnich, A. J., McLoughlin, K., Tse, M., Deng, J., Weber, A., Murad, N., et al. (2020). AMPL: A Data-Driven Modeling Pipeline for Drug Discovery. J. Chem. Inf. Model. 60, 1955–1968. doi:10.1021/acs.jcim.9b01053
 Molecular Operating Environment (MOE) (2020). Chemical Computing Group ULC. Montreal, QC, Canada.
 Morris, G. M., Huey, R., Lindstrom, W., Sanner, M. F., Belew, R. K., Goodsell, D. S., et al. (2009). AutoDock4 and AutoDockTools4: Automated Docking with Selective Receptor Flexibility. J. Comput. Chem. 30, 2785–2791. doi:10.1002/jcc.21256
 Negrete, O. A., Wolf, M. C., Aguilar, H. C., Enterlein, S., Wang, W., Mühlberger, E., et al. (2006). Two Key Residues in EphrinB3 Are Critical for its Use as an Alternative Receptor for Nipah Virus. Plos Pathog. 2, e7. doi:10.1371/journal.ppat.0020007
 Nejat, R., and Sadt, A. S. (2021). Are Losartan and Imatinib Effective against SARS-CoV2 Pathogenesis? A Pathophysiologic-Based In Silico Study. Silico Pharmacol. 9, 1. doi:10.1007/s40203-020-00058-7
 Olotu, F. A., Omolabi, K. F., and Soliman, M. E. S. (2020). Leaving No Stone Unturned: Allosteric Targeting of SARS-CoV-2 Spike Protein at Putative Druggable Sites Disrupts Human Angiotensin-Converting Enzyme Interactions at the Receptor Binding Domain. Inform. Med. Unlocked 21, 100451. doi:10.1016/j.imu.2020.100451
 Onufriev, A., Bashford, D., and Case, D. A. (2000). Modification of the Generalized Born Model Suitable for Macromolecules. J. Phys. Chem. B 104, 3712–3720. doi:10.1021/jp994072s
 Owen, C. D., Lukacik, P., Strain-Damerell, C. M., Douangamath, A., Powell, A. J., Fearon, D., et al. (2020), SARS-CoV-2 Main Protease with Unliganded Active Site (2019-nCoV, Coronavirus Disease 2019, COVID-19). doi:10.2210/pdb6Y84/pdb(Accessed March 7, 2020).
 Pant, S., Singh, M., Ravichandiran, V., Murty, U. S. N., and Srivastava, H. K. (2020). Peptide-like and Small-Molecule Inhibitors against Covid-19. J. Biomol. Struct. Dyn. 39, 2904–2913. doi:10.1080/07391102.2020.1757510
 Puskarich, M. A., Cummins, N. W., Ingraham, N. E., Wacker, D. A., Reilkoff, R. A., Driver, B. E., et al. (2021). A Multi-Center Phase II Randomized Clinical Trial of Losartan on Symptomatic Outpatients With COVID-19. EClinicalMedicine 37, 100957. doi:10.1016/j.eclinm.2021.100957
 Ramsundar, B., Eastman, P., Walters, P., Pande, V., Leswing, K., and Wu, Z. (2019). Deep Learning for the Life Sciences. Sebastopol, CA: O’Reilly Media. doi:10.1183/13993003.congress-2019.pa1338
 Rothe, C., Schunk, M., Sothmann, P., Bretzel, G., Froeschl, G., Wallrauch, C., et al. (2020). Transmission of 2019-nCoV Infection from an Asymptomatic Contact in Germany. N. Engl. J. Med. 382, 970–971. doi:10.1056/nejmc2001468
 Ryckaert, J.-P., Ciccotti, G., and Berendsen, H. J. C. (1977). Numerical Integration of the Cartesian Equations of Motion of a System with Constraints: Molecular Dynamics of N-Alkanes. J. Comput. Phys. 23, 327–341. doi:10.1016/0021-9991(77)90098-5
 Salomon-Ferrer, R., Case, D. A., and Walker, R. C. (2013a). An Overview of the Amber Biomolecular Simulation Package. Wires Comput. Mol. Sci. 3, 198–210. doi:10.1002/wcms.1121
 Salomon-Ferrer, R., Götz, A. W., Poole, D., Le Grand, S., and Walker, R. C. (2013b). Routine Microsecond Molecular Dynamics Simulations with AMBER on GPUs. 2. Explicit Solvent Particle Mesh Ewald. J. Chem. Theor. Comput. 9, 3878–3888. doi:10.1021/ct400314y
 Sanchis-Gomar, F., Lavie, C. J., Perez-Quilis, C., Henry, B. M., and Lippi, G. (2020). Angiotensin-Converting Enzyme 2 and Antihypertensives (Angiotensin Receptor Blockers and Angiotensin-Converting Enzyme Inhibitors) in Coronavirus Disease 2019. Mayo Clinic Proc. 95, 1222–1230. doi:10.1016/j.mayocp.2020.03.026
 Scudellari, M. (2020). The Sprint to Solve Coronavirus Protein Structures - and Disarm Them with Drugs. Nature 581, 252–255. doi:10.1038/d41586-020-01444-z
 Sterling, T., and Irwin, J. J. (2015). ZINC 15 - Ligand Discovery for Everyone. J. Chem. Inf. Model. 55, 2324–2337. doi:10.1021/acs.jcim.5b00559
 Trott, O., and Olson, A. J. (2010). AutoDock Vina: Improving the Speed and Accuracy of Docking with a New Scoring Function, Efficient Optimization, and Multithreading. J. Comput. Chem. 31, 455–461. doi:10.1002/jcc.21334
 Ullrich, S., and Nitsche, C. (2020). The SARS-CoV-2 Main Protease as Drug Target. Bioorg. Med. Chem. Lett. 30, 127377. doi:10.1016/j.bmcl.2020.127377
 Verkhiver, G. M. (2020). Molecular Simulations and Network Modeling Reveal an Allosteric Signaling in the SARS-CoV-2 Spike Proteins. J. Proteome Res. 19, 4587–4608.
 Voloch, C. M., da Silva Francisco, R., de Almedia, L. G. P., Cardoso, C. C., Brustonlini, O. J., Gerber, A. L., et al. (2020). Genomic characterization of a novel SARS-CoV-2 lineage from Rio de Janeiro, Brazil. J. Virol. 95, e00119. doi:10.1128/JVI.00119-21
 Wang, J., Wolf, R. M., Caldwell, J. W., Kollman, P. A., and Case, D. A. (2004). Development and Testing of a General Amber Force Field. J. Comput. Chem. 25, 1157–1174. doi:10.1002/jcc.20035
 WHO Coronavirus Disease (2020). (COVID-19) Dashboard. Available at: https://covid19.who.int (Accessed January 28, 2021). 
 World Health Organization (2020). Novel Coronavirus (2019-nCoV). situation report - 1 21 January 2020, 1–7. WHO Bull.
 Wrapp, D., Wang, N., Corbett, K. S., Goldsmith, J. A., Hsieh, C.-L., Abiona, O., et al. (2020). Cryo-EM Structure of the 2019-nCoV Spike in the Prefusion Conformation. Science 367, 1260–1263. doi:10.1126/science.abb2507
 Xia, S., Lan, Q., Su, S., Wang, X., Xu, W., Liu, Z., et al. (2020). The Role of Furin Cleavage Site in SARS-CoV-2 Spike Protein-Mediated Membrane Fusion in the Presence or Absence of Trypsin. Signal. Transduct. Target. Ther. 5, 92. doi:10.1038/s41392-020-0184-0
 Xie, X., Muruato, A., Lokugamage, K. G., Narayanan, K., Zhang, X., Zou, J., et al. (2020). An Infectious cDNA Clone of SARS-CoV-2. Cell Host Microbe 27, 841–848. doi:10.1016/j.chom.2020.04.004
 Zhang, J.-H., Chung, T. D. Y., and Oldenburg, K. R. (1999). A Simple Statistical Parameter for Use in Evaluation and Validation of High Throughput Screening Assays. J. Biomol. Screen. 4, 67–73. doi:10.1177/108705719900400206
 Zhang, P., Zhu, L., Cai, J., Lei, F., Qin, J.-J., Xie, J., et al. (2020). Association of Inpatient Use of Angiotensin-Converting Enzyme Inhibitors and Angiotensin II Receptor Blockers with Mortality Among Patients with Hypertension Hospitalized with COVID-19. Circ. Res. 126, 1671–1681. doi:10.1161/circresaha.120.317134
 Zhang, X., Perez-Sanchez, H., and Lightstone, F. C. (2017). A Comprehensive Docking and MM/GBSA Rescoring Study of Ligand Recognition upon Binding Antithrombin. Curr. Top. Med. Chem. 17, 1–9. doi:10.2174/1568026616666161117112604
 Zhang, X., Wong, S. E., and Lightstone, F. C. (2013). Message Passing Interface and Multithreading Hybrid for Parallel Molecular Docking of Large Databases on Petascale High Performance Computing Machines. J. Comput. Chem. 34, 915–927. doi:10.1002/jcc.23214
 Zhang, X., Wong, S. E., and Lightstone, F. C. (2014). Toward Fully Automated High Performance Computing Drug Discovery: A Massively Parallel Virtual Screening Pipeline for Docking and Molecular Mechanics/Generalized Born Surface Area Rescoring to Improve Enrichment. J. Chem. Inf. Model. 54, 324–337. doi:10.1021/ci4005145
Conflict of Interest: Authors OAN, BH, RM, EAS, and MAS were employed by Sandia National Laboratories.The remaining authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2021 Lau, Negrete, Bennett, Bennion, Borucki, Bourguet, Epstein, Franco, Harmon, He, Jones, Kim, Kirshner, Lao, Lo, McLoughlin, Mosesso, Murugesh, Saada, Segelke, Stefan, Stevenson, Torres, Weilhammer, Wong, Yang, Zemla, Zhang, Zhu, Allen and Lightstone. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
		MINI REVIEW
published: 14 July 2022
doi: 10.3389/fmolb.2022.920668


[image: image2]
An Extended C-Terminus, the Possible Culprit for Differential Regulation of 5-Aminolevulinate Synthase Isoforms
Gregory A. Hunter1* and Gloria C. Ferreira1,2,3*
1Department of Molecular Medicine, Morsani College of Medicine, University of South Florida, Tampa, FL, United States
2Department of Chemistry, College of Arts and Sciences, University of South Florida, Tampa, FL, United States
3Global and Planetary Health, College of Public Health, University of South Florida, Tampa, FL, United States
Edited by:
Robert Stephen Phillips, University of Georgia, United States
Reviewed by:
Andrea Mozzarelli, University of Parma, Italy
Tim Mueser, University of Toledo, United States
Giada Rossignoli, University of Padua, Italy
* Correspondence: Gregory A. Hunter, ghunter@usf.edu; Gloria C. Ferreira, gferreir@usf.edu
Specialty section: This article was submitted to Structural Biology, a section of the journal Frontiers in Molecular Biosciences
Received: 14 April 2022
Accepted: 30 May 2022
Published: 14 July 2022
Citation: Hunter GA and Ferreira GC (2022) An Extended C-Terminus, the Possible Culprit for Differential Regulation of 5-Aminolevulinate Synthase Isoforms. Front. Mol. Biosci. 9:920668. doi: 10.3389/fmolb.2022.920668

5-Aminolevulinate synthase (ALAS; E.C. 2.3.1.37) is a pyridoxal 5′-phosphate (PLP)-dependent enzyme that catalyzes the key regulatory step of porphyrin biosynthesis in metazoa, fungi, and α-proteobacteria. ALAS is evolutionarily related to transaminases and is therefore classified as a fold type I PLP-dependent enzyme. As an enzyme controlling the key committed and rate-determining step of a crucial biochemical pathway ALAS is ideally positioned to be subject to allosteric feedback inhibition. Extensive kinetic and mutational studies demonstrated that the overall enzyme reaction is limited by subtle conformational changes of a hairpin loop gating the active site. These findings, coupled with structural information, facilitated early prediction of allosteric regulation of activity via an extended C-terminal tail unique to eukaryotic forms of the enzyme. This prediction was subsequently supported by the discoveries that mutations in the extended C-terminus of the erythroid ALAS isoform (ALAS2) cause a metabolic disorder known as X-linked protoporphyria not by diminishing activity, but by enhancing it. Furthermore, kinetic, structural, and molecular modeling studies demonstrated that the extended C-terminal tail controls the catalytic rate by modulating conformational flexibility of the active site loop. However, the precise identity of any such molecule remains to be defined. Here we discuss the most plausible allosteric regulators of ALAS activity based on divergences in AlphaFold-predicted ALAS structures and suggest how the mystery of the mechanism whereby the extended C-terminus of mammalian ALASs allosterically controls the rate of porphyrin biosynthesis might be unraveled.
Keywords: 5-aminolevulinate synthase, pyridoxal 5′-phosphate, heme regulatory motif, allostery, redox sensor, porphyrin, regulation, AlphaFold
INTRODUCTION
5-Aminolevulinate synthase (ALAS; EC 2.3.1.37) catalyzes the initial and key regulatory step of heme biosynthesis in metazoa, fungi, and the α-subclass of proteobacteria (Stojanovski et al., 2019; Taylor and Brown, 2022). Pyridoxal 5′-phosphate (PLP) is an essential cofactor for the reaction, which involves the condensation of the α-carbon of glycine with the succinyl group of succinyl-Coenzyme A (SCoA) to produce 5-aminolevulinate (ALA), carbon dioxide, and Coenzyme A (Hunter and Ferreira, 2011) (Supplementary Figure S1). In metazoa and fungi, ALAS is translated as a precursor with an N-terminal signal sequence that codes for import into the mitochondrial matrix. Following import, the signal sequence is cleaved, and the mature enzyme has access to the substrate SCoA, which is produced in mitochondria as part of the citric acid cycle. The requirement of SCoA as a substrate integrates heme biosynthesis with oxidative respiration, and as a result the two pathways are synchronized under normal healthy conditions. ALAS activity is additionally synchronized with cellular iron transport as porphyrin biosynthesis and iron transport unite in the final step of heme production wherein the enzyme ferrochelatase inserts ferrous iron into protoporphyrin IX to yield heme (Kafina and Paw, 2017; Poli et al., 2021). As a result of the central position of ALAS in these fundamental biochemical pathways ALAS activity is highly regulated and new modes of ALAS regulation continue to be discovered (Tanimura et al., 2016; Zhang et al., 2017; Liu et al., 2018; Peoc'h et al., 2019; Bailey et al., 2020; Nomura et al., 2021; Rondelli et al., 2021).
Vertebrate genomes encode two chromosomally distinct copies of the ALAS gene: ALAS1, which acts as a “housekeeping” gene and initiates heme biosynthesis in all cells for production of cytochromes and other heme-binding proteins, and ALAS2, which is expressed only in developing erythrocytes and produces, almost exclusively, the much larger quantities of heme required for hemoglobin formation (Riddle et al., 1989; Peoc'h et al., 2019). The catalytic cores of human ALAS1 and ALAS2 are 75% identical and 94% similar in terms of amino acid sequences, suggesting gene duplication and similar enzymology despite the different metabolic functionalities of the gene products. The high degree of similarity in the catalytic cores of ALAS1 and ALAS2 is lessened in the extended N- and C-termini of the enzymes (Supplementary Figure S2) but the precise extent to which the mature mitochondrial enzymes might be differentially regulated is still an open question. The monomeric primary structures of prokaryotic and vertebrate ALASs are illustrated schematically in Figure 1A.
[image: Figure 1]FIGURE 1 | (A). Schematic representation of ALAS monomeric structure. In vertebrate species the ALAS gene is duplicated, and the protein catalytic core (light blue) observed in prokaryotes is bracketed by extended N- and C-termini. The mitochondrial targeting sequence is illustrated in light purple, while the intrinsically disordered N-terminal extension (IDR) is in magenta, and the C-terminal extension is in dark red. Five conserved Heme Regulatory Motifs (HRMs, colored in cyan) are conserved in vertebrate ALAS isozymes, as is a CXXC motif (yellow) in the extended C-terminus. The position of the active site lysine residue that binds PLP in the active site is denoted by a white line, and the loop that gates the active site is represented by a dark blue line. (B). The position corresponding to the heme-binding site in C. crescentus ALAS modeled into mammalian ALAS2. AlphaFold-predicted structures for human (light blue and gold; AlphaFold entry P22557) and murine (dark blue and gold; AlphaFold entry P08680) ALAS2 were aligned with R. capsulatus ALAS crystal structure (PDB code 2bwn; not shown) using Pymol. The modeled site depicted in yellow here is not expected to bind heme in mammals due to evolutionary divergences, and this site is illustrated solely for perspective on its spatial relationship to the mammalian ALAS2 active site loop (purple), the C-terminal extension (shades of gold), and HRMs 4 and 5 (red). Additionally, the CXXC motifs are in green with the cysteines shown as sticks.
The ALAS-catalyzed reaction not only represents the first committed step of heme production, but also the rate-determining step of porphyrin biosynthesis, as most poignantly evinced by the consistent observation that exogenous ALA administration to mammalian cells leads to rapid protoporphyrin IX accumulation (Hunter and Ferreira, 2011; Nokes et al., 2013). This is clinically important because it means aberrations in ALAS activity can change the overall rate of porphyrin production and cause porphyrin biosynthesis to decouple from oxidative respiration and iron transport, resulting in metabolic imbalances (Taylor and Brown, 2022). For instance, certain liver toxins, such as allylisopropylacetamide, have long been known to elevate ALAS1 activity beyond the rate of iron transport, resulting in porphyrin accumulation and chemically induced porphyria (Goldberg and Rimington, 1955; Granick, 1966). Conversely, genetic defects in ALAS2 that lead to lower enzymatic activity have been identified as the basis for X-linked sideroblastic anemia, a condition characterized by accumulation of iron in erythroblast mitochondria (Abu-Zeinah and DeSancho, 2020). Remarkably, however, loss-of-function mutations are not the only cause of ALAS2-associated metabolic disorder. A limited number of mutations causing premature truncation or frameshifts in the extreme C-terminal extension of ALAS2 lead to variants with increased catalytic efficiencies and a disorder known as X-linked protoporphyria (Whatley et al., 2008; Ducamp et al., 2013; Wang et al., 2020). Interestingly, mutations in ALAS1 have not been associated with any disorder (Stenson et al., 2003).
5-AMINOLEVULINATE SYNTHASE IS A FOLD TYPE I PYRIDOXAL 5′-PHOSPHATE-DEPENDENT ENZYME WITH A DISTINCT ACTIVE SITE LOOP
PLP-dependent enzymes are structurally classified into seven different fold types, of which fold type I, sometimes referred to as the transaminase family, is by far the largest, with over 170 different Enzyme Classification numbers currently assigned (Percudani and Peracchi, 2009). Like other members of the PLP-dependent fold type I family ALAS is a homodimer with the active site buried near the center of the enzyme at the interface between the two monomers, with residues from each monomer being critical for substrate recognition (Brown et al., 2018; Stojanovski et al., 2019). Even though fold type I PLP-dependent enzymes have very little overall primary sequence similarity the active sites are highly conserved and facilitate phylogenetic analyses demonstrating function-based evolutionary relationships (Catazaro et al., 2014). It is thus informative to compare the structure of aspartate aminotransferase (AATase), which has been extensively characterized and is generally considered to be a model for the fold type I family (Toney, 2014), with the ALAS catalytic core, as seen in Supplementary Figure S3. The aligned structures of AATase in the open and closed conformations reveal the structure collapses inwards towards the PLP cofactor upon substrate binding (McPhalen et al., 1992a; McPhalen et al., 1992b) A short active site loop (green and gold in Supplementary Figure S3A) closes inward over the active site cleft upon substrate binding, culminating in an arginine residue that is highly conserved in fold type I enzymes, and functions to form an ionic bond with the carboxylate group of the amino acid substrate (Tan et al., 1998; Liang et al., 2019). In AATase, this arginine is one of only two amino acids that has been designated as a “closure-inducing residue”, meaning it is essential for substrate-induced conformational change from the open to the closed state in which catalysis is optimized (Hayward, 2004). Comparison of these structures to analogous structures of Rhodobacter capsulatus ALAS (Supplementary Figure S3B) reveals that in ALAS substrate-induced conformational changes are largely limited to the active site loop, which has become longer and is turned more inward over the active site cleft relative to AATase.
Detailed mutational, kinetic, and molecular modeling studies have found that the rate of ALAS catalysis, and hence the rate of porphyrin production, are controlled by the slow opening of this active site loop, which allows the products to rapidly dissociate from the enzyme (Hunter and Ferreira, 1999; Hunter and Ferreira, 2011; Hunter et al., 2007; Stojanovski et al., 2019). This rate-dependence on conformational dynamics would seem to be an ideal situation for allosteric feedback inhibition of the heme biosynthesis pathway via a mechanism wherein effector binding to ALAS would modulate the active site loop conformational dynamics, as we previously suggested (Hunter et al., 2007).
5-AMINOLEVULINATE SYNTHASE STRUCTURAL FEATURES REVEAL IMPORTANT CLUES TO THE POSSIBILITY OF ALLOSTERIC REGULATION
Feedback inhibition of ALAS activity by heme has been known for over 50 years (Granick, 1966), and since then this regulation has been found to occur at a variety of levels, including gene transcription (Yamamoto et al., 1982), transport into mitochondria (Lathrop and Timko, 1993; Munakata et al., 2004), and targeting for degradation (Cable et al., 1996; Yoshino et al., 2007; Tian et al., 2011; Nomura et al., 2021). However, as of this writing direct binding of heme leading to allosteric feedback inhibition of ALAS has only been reported for the enzyme from the prokaryote Caulobacter crescentus, in which axial heme binding by H340 and C398 near the C-terminus of the enzyme causes PLP dissociation (Ikushiro et al., 2018) (Figure 1B). While the authors reported that these residues are conserved in some other α-proteobacteria and did confirm that recombinant R. capsulatus ALAS could also be isolated as a mixture of PLP- and heme-bound forms, these residues are not conserved in eukaryotes, so if allosteric feedback inhibition of ALAS in higher species occurs it must be via a different site. The recently resolved crystal structure for human ALAS2 revealed that the extended C-terminus might act as an autoinhibitory element by folding directly over the active site cleft, clearly implying the existence of some allosteric modulator that alters the conformational dynamics about the C-terminus to allow substrates to access the active site (Bailey et al., 2020), and yet the identity of this effector remains a mystery.
Each of the vertebrate ALAS isozymes contains five heme-regulatory motifs (HRMs), consensus sequences containing a cysteine-proline dipeptide with the cysteine functioning as a ligand to Fe3+-heme (Figure 1A) (Carter et al., 2017; Fleischhacker et al., 2020). HRMs are important in regulating the activity of a wide variety of enzymes controlling gene transcription (Hou et al., 2006; Fleischhacker et al., 2018; Arunachalam et al., 2021), protein synthesis (Igarashi et al., 2008), circadian rhythms (Yang et al., 2008), iron homeostasis (Nishitani et al., 2019), signal transduction (Shen et al., 2014; Schmalohr et al., 2021), and heme degradation (Fleischhacker et al., 2015; Fleischhacker et al., 2018). The first two ALAS HRMs reside in the mitochondrial import signal sequence, where they are positioned to bind excess labile heme and form a complex that is not imported into mitochondria, thus providing a form of feedback inhibition (Lathrop and Timko, 1993; Munakata et al., 2004). Following import the signal sequences are proteolytically removed to produce mature enzymes with intrinsically disordered N-termini (Stojanovski et al., 2016; Nomura et al., 2021). This N-terminal extension contains a third conserved HRM that feedback inhibits ALAS1 by binding heme to form a complex targeting ALAS1 for proteolysis by the matrix peptidase chaperone subunit ClpX (Nomura et al., 2021). ClpX also controls ALAS2 turnover (Rondelli et al., 2021), and since HRM 3 is conserved in ALAS2, it seems likely that HRM 3 also mediates ClpX degradation of ALAS2 in a heme-dependent fashion, although this remains to be conclusively demonstrated.
The catalytic core of mammalian ALAS, which is approximately 44 kD in size, contains two additional conserved HRMs, which we designate HRMs 4 and 5. To the best of our knowledge, no studies have yet examined their potential biochemical significance. Along with the human ALAS2 crystal structure, the mammalian ALAS1 and ALAS2 AlphaFold-predicted structures reveal that even though HRMs 4 and 5 are ∼132 amino acids apart in the primary sequence, in the three-dimensional structures the cysteine α-carbons are only 11 Å apart, and most importantly, they are near or at the enzyme surface in proximity to both the active site loop and the extended C-terminus, in conspicuous positions for heme-mediated feedback regulation of the mature enzyme (Figure 2). The positions of HRMs 4 and 5 in the AlphaFold-predicted ALAS structures are virtually indistinguishable from those in the human ALAS2 crystal structure (Figure 2B).
[image: Figure 2]FIGURE 2 | AlphaFold structures for mammalian ALAS1 and ALAS2 reveal C-terminal divergences from the human ALAS2 crystal structure. (A). Alignment of AlphaFold-predicted structures of ALAS1 from human (UniProt accession # P13196), orangutan (UniProt accession Q5R9R9), bovine (UniProt accession A6QLI6), beluga whale (UniProt accession Q9XS79), mouse (UniProt accession Q8VC19), and rat (UniProt accession # P13195). (B). Alignment of human ALAS2 crystal and AlphaFold-predicted structures. AlphaFold-predicted structure (UniProt accession # P22557; blue) and crystal structure (PDB code 6HRH; beige with red C-termini). (C). Zoom of panel (A). (D). Zoom of panel (B).
There are, however, important differences in the relative positions of the extended C-termini of the ALAS1 and ALAS2 isozymes as it relates to HRMs 4 and 5. As seen in Figures 2A,C, all six of the currently available AlphaFold-predicted structures for mammalian ALAS1 position the extended C-terminus such that the CXXC motif forms a hairpin loop that brings the cysteine sulfur atoms within ∼ 3.5 Å of each other, suggesting disulfide bond formation and a possible redox sensing role. Furthermore, the CXXC loop is positioned almost directly over HRM5.
In contrast to the consensus positioning of the ALAS1 extended C-terminus over HRMs 4 and 5, the AlphaFold-predicted mammalian ALAS2 structures have more conformational heterogeneity about the C-terminal extension (Figures 2B,D). Moreover, none of the ALAS2 C-terminal extensions align with the ALAS1 C-terminus. Instead, the ALAS2 C-terminal extensions fall into one of three different conformations. In the AlphaFold-predicted structures for orangutan, bovine, beluga whale, and rat ALAS2s, the extended C-terminus folds over the active site to form an “autoinhibited” structure, in excellent alignment with the recently solved human ALAS2 crystal structure (Bailey et al., 2020), but the AlphaFold-predicted human ALAS2 structure places the extended C-terminus away from the catalytic core in what would presumably correspond to an active enzyme conformation. Meanwhile, in the mouse ALAS2, the extended C-terminus adopts a conformation between these two extremes. In all cases the cysteines of the ALAS2 CXXC motifs, like those of the ALAS1 CXXC motifs, are in sufficient proximity to reversibly form disulfides, and thus potentially act as redox sensors. But unlike ALAS1, HRMs 4 and 5 of ALAS2 are not occluded by the C-terminal extension and are thus more available to bind heme in what would presumably be a feedback-inhibited complex.
A CASE FOR DIFFERENTIAL REGULATION BY THE C-TERMINAL EXTENSIONS
Remarkably, in ten out of twelve different mammalian ALAS mitochondrial import presequences AlphaFold predicts the side chains of the cysteines in HRMs 1 and 2 to be almost ideally positioned to act as axial ligands for heme (Supplementary Figure S4). This agrees with experimental evidence demonstrating HRMs 1 and 2 bind heme to feedback inhibit mitochondrial import (Lathrop and Timko, 1993; Goodfellow et al., 2001; Munakata et al., 2004). Further, it leads us to suggest that the predicted conformational differences in the extended C-termini might in turn be experimentally revealed to be accurate predictors of important structural/functional divergences between the two ALAS isozymes.
The AlphaFold structural database currently has nearly a million protein structures available, including complete proteomes for Homo sapiens and 47 other species (Jumper et al., 2021; Tunyasuvunakool et al., 2021). These structures are rapidly facilitating an unprecedented understanding of structural biology (Hegedus et al., 2022; Porta-Pardo et al., 2022; Varadi et al., 2022; Wehrspan et al., 2022). Yet, the accuracy of AlphaFold in terms of predicting otherwise unsolved structures is relatively untested since it only became publicly available less than a year ago. AlphaFold is reported to accurately predict not just the highly organized structures observed in crystallized proteins, but also the extent of conformational dynamics or even intrinsic disorder in individual residues or peptides by calculating a per residue confidence score referred to as a predicted local distance difference test (pLDDT) (Tunyasuvunakool et al., 2021). The current interpretation of this score is that it predicts the extent to which a residue is unstructured, meaning a low score should be seen not so much as an indication the structure is inaccurate, but more as an accurate indication of greater conformational dynamics. Because of this AlphaFold should provide important insight into dynamic regulatory structures that have been difficult to crystallize.
The ALAS1/2 conserved CXXC motif is of particular interest since similar motifs act as allosteric redox switches via reversible formation of a disulfide bond in many enzymes, including the PLP-dependent enzymes cystathionine β-synthase and human mitochondrial branched chain aminotransferase (Conway et al., 2004; Wouters et al., 2010; Niu et al., 2018; Herbert et al., 2020). The CXXC motif-containing region was only partially resolved in the human ALAS2 crystal structure, implying a high degree of conformational mobility. The AlphaFold pLDDT scores for the six mammalian ALAS2 (and six ALAS1) structures in the public database agree, as they drop from very high confidence to low or even very low for the corresponding amino acids in all species except human ALAS2 (Supplementary Figure S5), in which the extended C-terminus adopts what is presumably an activated enzyme conformation. In this “activated” ALAS2 structure the scores for the CXXC motif are mostly confident, indicating greater structural organization, and with the cysteine side chain sulfur atoms within 3.7 Å of each other, disulfide bond formation is possible. Given all these considerations, if the CXXC motif in the extended C-terminus of ALAS2 acts as a redox switch we would predict that the “activated” structure would be oxidized to the disulfide, while the more disordered autoinhibited structure would be reduced.
The positioning of the human ALAS2 extended C-terminus over the active site leads us to raise the questions as to what the active conformation might look like and how the interconversion between the inhibited and activated conformations might be triggered. The corresponding AlphaFold structure appears to provide a plausible answer to the first of these two questions, but only hints at the answer to the second. Binding of the β-subunit of succinyl-CoA synthetase (Furuyama and Sassa, 2000; Bishop et al., 2012; Bishop et al., 2013) and/or other heme biosynthetic enzymes might promote activation (Medlock et al., 2015). A novel, but certainly not mutually exclusive, possibility supported by the structures analyzed here is that the CXXC motif acts as a redox sensor to modulate conformational dynamics about the extended C-terminus.
In contrast to ALAS2, a crystal structure for ALAS1 has not yet been reported, and the AlphaFold-predicted structures indicate only one conformation for the ALAS1 extended C-terminus. Yet, the CXXC motif is conserved in ALAS1, and if it has a redox switching function then some degree of conformational perturbation presumably occurs to form an autoinhibited conformation or to alter the dynamics about the active site loop, which controls the catalytic rate. This latter possibility is attractive as it would be consistent with the anti-correlation between the active site loop and C-terminal extension of ALAS2 during molecular dynamics simulations (Na et al., 2018). Additionally, the shielding of the otherwise solvent exposed HRMs 4 and 5 by the ALAS1 C-terminal extension suggests an alternative conformation that would allow heme access to feedback inhibit the enzyme. Given these considerations we posit that the ALAS1 structures represent an activated form wherein the CXXC motif is oxidized to the disulfide and positioned to prevent allosteric feedback inhibition by heme. Reduction of the CXXC motif would then facilitate a conformation change allowing heme to allosterically feedback inhibit ALAS1 via HRMs 4 and/or 5. A more prominent role of redox sensing in ALAS1 is in part attractive due to the role of ALAS1 in producing heme specifically for hemoproteins catalyzing redox chemistry, such as cytochrome P450 enzymes, catalase, and superoxide dismutase.
CONCLUSION AND OUTLOOK
In summary, based upon the alignment of the ALAS1 structures we put forth the following postulates: 1) HRMs 4 and/or 5 facilitate feedback inhibition of ALAS1; 2) under oxidizing conditions, the CXXC motif forms a disulfide bond that causes the C-terminal extension to fold over HRMs 4 and 5 such that it sterically prevents hemin binding and feedback inhibition; 3) under non-oxidizing conditions, the CXXC motif is reduced and adopts an alternative conformation wherein HRMs 4 and 5 are exposed to provide feedback inhibition by excess heme. Stated more concisely, feedback inhibition of ALAS1 by heme is dependent upon cellular redox status.
Based on the alignment of the ALAS2 structures we put forth the following postulates: 1) the C-terminal extension of ALAS2 adopts two different conformations, neither of which prevents feedback regulation via heme binding to HRMs 4 and 5. 2) In ALAS2 oxidizing conditions cause disulfide bond formation in the CXXC motif and movement of the extended C-terminus not over HRMs 4&5 but instead to a more equatorial and activated position relative to the enzyme, thereby relieving the autoinhibition observed when the extended C-terminus folds over the active site. Stated more succinctly, heme and redox status independently regulate ALAS2 activity.
These postulates are not incompatible with the possibility of protein-protein interactions regulating activity. Of course, experimental data will be required to further support or refine the views presented here, but whatever the outcome the remarkably divergent structures discussed here will likely represent a key test of the capacity of AlphaFold to discern fine structural differences and facilitate prediction of allostery in all enzymes, including those dependent upon PLP for functionality.
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Drug combinations can increase the therapeutic effect by reducing the level of toxicity and the occurrence of drug resistance. Therefore, several drug combinations are often used in the management of complex diseases. However, due to the exponential growth in drug development, it would be impractical to evaluate all combinations through experiments. In view of this, we developed Pathway Interaction Network (PINet) biological model to estimate the optimal drug combinations for various diseases. The random walk with restart (RWR) algorithm was used to capture the “disease state” and “drug state,” while PINet was used to evaluate the optimal drug combinations and the high-order drug combination1. The model achieved a mean area under the curve of a receiver operating characteristic curve of 0.885. In addition, for some diseases, PINet predicted the optimal drug combination. For example, in the case of acute myeloid leukemia, PINet correctly predicted midostaurin and gemtuzumab as effective drug combinations, as demonstrated by the results of a Phase-I clinical trial. Moreover, PINet also correctly predicted the potential drug combinations for diseases that lacked a training dataset that could not be predicted using standard machine learning models.
Keywords: pathway, gene, drug combination, network pharmacology, random walk with restart
1 INTRODUCTION
Compared with the “one disease, one gene” drug paradigm, drug combinations can more effectively cope with multifactorial diseases such as infections, cardiovascular diseases, and tumors (Bayat Mokhtari et al., 2017) (Huffman et al., 2017). Drug combinations can also delay the development of drug resistance and are often used in the treatment of acquired immunodeficiency syndrome (AIDS) and multi-drug resistant bacteria (Liu et al., 2021) (Cihlar and Fordyce, 2016). Network or multi-pharmacology involves the combinations of several drugs used for different targets to create a synergistic effect that can perturb the biological networks and thus increase the clinical benefits (Jia et al., 2009).
The development of optimal drug combinations typically involves three stages: the intuition phase, the clinical trials phase, and the biological data mining phase. However, since the development of the current drug combination is based on the researchers’ intuition and expertise, the process is often inefficient. As a result, it is now gradually being replaced by the high-throughput screening method (Shinn et al., 2019). Nevertheless, as the number of approved drugs increases, the number of drug combinations requiring high-throughput screening verification has increased exponentially, eventually leading to a significant prolongation of the verification process and research costs. Machine learning and deep learning, which can mine the correlation between massive amounts of biological data, are increasingly being used in the discovery of effective drug combinations (Shi et al., 2018) (Li et al., 2020) (Kim et al., 2021) (Zagidullin et al., 2021). Since machine learning depends on training datasets, it is mostly used for tumors. However, for diseases that lack training datasets, the model is difficult to optimize because it is not possible to fit the parameters into the model. In addition, the results provided by the machine learning algorithms are often difficult to explain, and therefore clinicians find it difficult to apply the machine learning solution in clinical practice. An alternative approach to the data-driven machine learning method is to use theory-driven methods based on the knowledge of biological systems and networks (Wang et al., 2021) (Jafari et al., 2022). Compared with data-driven methods, theory-driven methods are more explanatory, and their performance is not affected by the quality of the training dataset. The limitation of theory-driven methods is that they rely on the accurate generation of a theoretical hypothesis.
(Yang et al., 2008) define two network biological states: the disease and normal states. According to (Yang et al., 2008), the transition from the disease state to the normal state is achieved through the perturbation of specific target combinations within the arachidonic acid network (a kind of inflammation-related network). This approach has several limitations. First of all, there is a lack of uniform standards to define the disease and normal states. Therefore, the definition of these states often requires the subjective input of expert professionals. In addition, not all disease targets have corresponding drugs available, and more than one pathway may be involved in the development of a specific disease (Geva-Zatorsky et al., 2010). found that the protein responses to drug combinations can be accurately described by a linear superposition (weighted sum) of each protein’s response to each specific individual drug. Based on this finding (Lee et al., 2012), made use of gene set enrichment analysis to convert the gene expression profile of specific cancers (non-small cell lung cancer and triple-negative breast cancer) into related signaling pathways. The data about the linear drug superposition combinations was combined with the disease pathways data to obtain the optimal drug combination. Through this method (Lee et al., 2012), found two combination drug pairs with a synergistic effect on lung cancer cells. However, this method still has a number of shortcomings since it ignores the relationship between pathways. Moreover, the theory of linear superposition does not fit all kinds of protein. Because drugs acting on the same pathway through different targets or drugs regulating a relatively small number of highly-connected pathways are more likely to produce synergistic effects (Chen et al., 2016), proposed a “pathway to pathway interaction” network model to predict the therapeutic effect of synergistic drug combinations. This model resulted in an area under the curve (AUC) of a receiver operating characteristic curve of 0.75. The method proposed by (Chen et al., 2016) still has some shortcomings. This method ignores the disease condition, and only the pathway associations of gene overlap are retained, while the pathway associations of protein interactions and function associations are discarded. In addition, the drug combinations are evaluated based on the shortest path without considering the global topology features2. Therefore (Cheng et al., 2019) quantifyied the network-based relationship between drug targets and the diseased human protein to protein interaction. Although this method revealed the existence of six distinct potiential drug combinations, only one of these six drug combinations correlated with therapeutic effects. Eventually, a beneficial therapeutic effect was noted when the drug targets hit the same disease module located in separate neighborhoods. Still, the application of this model is limited as it ignores the pathway information and uses the shortest path to evaluate the optimal drug combinations without considering the global topology features.
In view of this, we constructed a Pathway Interaction Network (PINet) model to overcome the limitations of the models described in previous studies (Table 1). This new model abstracts the human body as a two-layer network containing gene and pathway information and describes the influence of a disease or drug on the human as a probability distribution in the network, which is called “disease state” and “drug state.” In addition, it predicts the optimal drug combinations by combining “disease state” and “drug state”.
TABLE 1 | Optimization of previous research.
[image: Table 1]The main advantage of the PINet model over the other models is that it can evaluate 5-drug combinations, while most models can only evaluate 2-drug combinations. In addition, PINet is also sensitive to various diseases.
2 DATASET
PINet is composed of four types of entities and eight types of relationships3: The four types of entities include pathways, genes, drugs and diseases, while the eight types of interactions include pathway to pathway, pathway to gene, gene to gene, drug to gene, disease to gene, disease to pathway, drug to disease and drug to pathway. Except for drug to disease, other data come from databases (Table 2). The specific data cleaning and processing methods are described in the Supplementary Material S1.1; Supplementary Material S1.2.
TABLE 2 | Data source.
[image: Table 2]TABLE 3 | Disease-specific drug combinations.
[image: Table 3]Databases include KEGG (Kanehisa et al., 2021), STRING (Szklarczyk et al., 2021), DrugBank (Wishart et al., 2018), BindingDB (Gilson et al., 2016), CTD (Davis et al., 2021) and HVIDB (Yang et al., 2021).
3 METHODS
3.1 The theoretical basis of the model
The theoretical basis of the model was built based on the findings of four studies (Yang et al., 2008). Showed that perturbing the targets can shift the disease state to the normal state. Based on this study, we introduce the probability distribution of different drugs or diseases in the network as drug states or disease states and the higher degree of overlap between the drug state and the disease state, the better the efficacy of the drug. Chen et al. (2016). showed that the effect of a disease or drug on the body is achieved through the manipulation of genetic pathways. Therefore, our model included information on the genes and pathways. We also made use of the work of Geva-Zatorsky et al. (2010), which simplified the drug combinations as a linear summation of drug targets. The targets of drug A within our model were denoted as (a1, a2, and a3), and the targets of drug B were denoted as (b1, b2). Based on the study of (Geva-Zatorsky et al., 2010), the drug state of the combination of drugs A and B was deemed to be equivalent to the drug state of the virtual drug V, of which targets are (a1, a2, a3, b1, b2). Finally, to narrow down the scope of potential drug combinations and reduce the computational power costs, we used the research of Cheng et al. (2019), which demonstrated that drug synergy is more likely to occur when the drugs act on different disease targets at the same time.
3.2 Construct network model
PINet consists of seven networks4 (pathway to pathway, gene to gene, pathway to gene, drug to gene, drug to pathway, disease to pathway, disease to gene), each stored in an adjacency matrix (Figure 1). The main part of the PINet model was based on the restart random walks (RWR) algorithm built on the pathway to pathway, gene to gene, and pathway to gene networks. Further details about the model constructions are provided in the Supplementary Material S1.3.
[image: Figure 1]FIGURE 1 | The network model of PINet. PINet model consists of four entities and seven relationships. The genes and pathways were directly related to RWR, and the drugs and viruses were integrated with the RWR algorithm through indirect connections.
3.3 Capturese state
The effect of a drug or disease on the body can be represented by a vector that contains both pathway and genetic information, which is called a drug state or disease state. These two states were obtained by selecting specific initial nodes on the model to perform the RWR, and the stable probability distribution was defined as the drug or disease state. The specific state capture is described in more detail in the Supplementary Material S2.
3.3.1 Random walk with restart
Biological systems can be simplified into heterogeneous networks, and the RWR algorithm is widely used in the analysis of heterogeneous networks (Cho et al., 2016) (Luo et al., 2017). The RWR algorithm was developed by determining the initial probability, the transition matrix, and the stable probability distribution threshold as follows. More detail about the RWR algorithm is available in the Supplementary Material S2.
3.3.1.1 Determination of the initial probability
The initial nodes were composed of disease or drug-related genes and pathways. The initial probability in a specific network was composed of the initial gene to gene and pathway to pathway networks and can be calculated according to a specific node. For example, in the case of influenza, the initial gene was associated with influenza, and the initial pathway path: hsa05164 was identified from the KEGG database and was fixed to 1. On the other hand, for a drug, the original gene was considered as the drug target, the initial pathway was identified through pathway enrichment analysis, and the number of potential initial pathways was not fixed.
The initial probability of the pathway to pathway network a0 was formed so that equal probabilities were assigned to the initial nodes in the pathway to pathway network, and the sum of the nodes’ probabilities was equal to 1. Therefore if the probabilities of non-initial nodes are 0, then the initial probability of the gene to gene network b0 is the same. This relationship is summarized by the equation.
[image: image]
Whereby a0 is the pathway initial probability, and b0 is the gene initial probability. Both a0 and b0 are vectors.
3.3.1.2 Determination of the transition matrix
The transition matrix describes the transition characteristics of all nodes within the network model. There are four transfer modes in PINet: pathway to pathway, pathway to gene, gene to gene, and gene to the pathway. Each transfer mode requires a transition matrix. The description of the PINet transition node requires a large transition matrix M composed of four small transition matrices Mi.
The (t) th probability distribution was obtained by mapping the (t-1) th probability distribution through the transition matrix as follows:
[image: image]
Whereby M1 is the pathway to pathway, M2 is the gene to pathway, M3 is the pathway to gene, and M4 is the gene to gene. r is the restart probability which is generally equal to 0.5.
3.3.1.3 Determination of the stable probability distribution threshold
The initial node was selected to perform the RWR. As the number of iterations increased, the probability distribution gradually became stable. When the difference in the probability distribution between the (n)th and the (n+1)th was less than the given threshold, the (n)th probability distribution was considered to be a stable probability distribution, and the threshold was generally set to 10–10.
3.3.2 Capturing the disease state
The disease state was then captured through the identification of the initial nodes of the disease in the pathway to pathway network and, subsequently, the gene-gene network. The initial probability p0 of the disease was constructed, and then RWR was performed until the probability distribution became stable. The stable probability of the disease site pn was then captured for the disease state.
3.3.3 Capturing the drug state
The drug state was captured through the identification of the virtual drug corresponding to the drug combination. The initial probability p0 of the drug was determined according to the target and enrichment pathway of the virtual drug. Finally, RWR was performed until the probability distribution became stable, and the stable probability pn was captured for the drug state.
3.4 The drug combination score
Since the drug combinations have certain indications, we evaluated the drug combinations under specific disease conditions by “drug state” and “disease state.” The same drug combinations have different scores on different disease conditions in PINet. The absolute drug score value was obtained by calculating the difference between the “drug state” and the “disease state”.
[image: image]
Sdi is the disease state, Sdr is the drug state.
A lower score indicates a higher likelihood of a synergistic drug combination. Further details on the calculation of the drug combination score can be found in Supplementary Material S3.
3.5 Evaluation of pathway interaction network
During the development of PINet, it was assumed that the drug combination contained two types of information: the drug composition and the indication. Therefore two tests were performed to evaluate the sensitivity of PINet to detect disease and drug quantity. The disease sensitivity analysis assessed whether PINet can correctly identify the indications for the different drug combinations. For example, whether PINet will wrongly judge a drug designed to treat AIDS as a drug used to treat cancer. The drug quantity sensitivity analysis evaluated the ability of PINet to identify the n-drugs combination (n = 2, 3, 4, and 5).
3.5.1 Disease sensitivity
The drug combination highlighted in the clinical guidelines of each disease was regarded as the positive gold standard treatment. The clinical indications of the drug combinations used to manage a specific disease were then modified to represent a negative example, i.e., another disease. All positive and negative examples were entered into the PINet for scoring, and the AUC under the ROC was calculated for each example. An AUC below 0.5 indicates that the PINet model was not sensitive enough to detect the disease and corresponding drug combinations, and these were therefore excluded from the model. The remaining diseases and drug combinations in the clinical guidelines were evaluated again in the next step.
3.5.2 Drug quantity sensitivity
The drug combinations may include four possible options with 2, 3, 4, or 5 drugs. The sensitivity of PINet to different drug combinations was calculated as follows. First, the drug combination in the clinical guidelines was used as a positive example, and the randomly generated drug combination was used as a negative example. Subsequently, the drug status and disease status were calculated according to the drug composition and indications, respectively, as explained in Section 3.3. Then, the score for each drug combination was calculated, as explained in Section 3.4. Finally, based on the calculated score, the AUC was calculated for each drug combination.
3.6 Prediction of the drug combinations
3.6.1 Primary potential drug combination
Outliers of disease state are identified by Quartile, and these outliers are key genes and key pathways of the disease. The potential drugs were selected if the target of the drug had an intersection with the key gene of the disease and the enriched pathway of the drug had an intersection with the key pathway of the disease. We assumed that for N potential drugs, there are [image: image] primary potential drug combinations (i is the number of drugs in the drug combination. Refer to Figures 2A–C). More detail about Quartile is available in the Supplementary Material S4.
[image: Figure 2]FIGURE 2 | The construction of the potential drug combinations. Taking the key genes of diseases as an example, the key pathways are the same. (A) Genes above the upper limit are key genes. (B) Eliminate drugs that do not have intersections with key disease genes. (C) A drug combination is constructed, and if the drugs in the combination have the same target, the combination is eliminated.
3.6.2 Secondary potential drug combinations
The drug combinations with overlapping drug targets were removed from the primary potential drug combination to obtain the secondary potential drug combination (Figure 2C).
3.6.3 Evaluation of the potential drug combinations
To improve the prediction accuracy of the model, we used the score corresponding to the false positive rate of 10% on the ROC of the “Drug quantity sensitivity” as the threshold. The scores of the secondary potential drug combinations were calculated, and those below the threshold were classified as synergistic drug combinations.
4 RESULTS
4.1 Disease sensitivity
The PINet had a high sensitivity for NSCLC, AML, breast cancer, and IBD and low sensitivity for diabetes type 1, diabetes type 2, AIDS, and atherosclerosis (Figure 3).
[image: Figure 3]FIGURE 3 | Disease sensitivity of PINet.
4.2 Drug quantity sensitivity
Figure 4 illustrates the drug quantity sensitivity after excluding the diseases with a low PINet sensitivity. The sensitivity of PINet increased as the order of drug combinations increased. PINet also achieved good results in the identification of high-order drug combinations. However, since the sample was too small (2 positive cases and 58 negative cases in the fifth-order drug combination), the ROC may not be accurate.
[image: Figure 4]FIGURE 4 | Drug quantity sensitivity of PINet.
4.3 Prediction accuracy
Since PINet had the highest sensitivity for predicting AML, we decided to use PINet to predict the optimal drug combinations for this disease. PINet was first used to identify the key genes and pathways of AML. Subsequently, the drugs based on these genes and pathways were identified and used to construct the primary drug combinations. This revealed a total of 26,106 possible primary drug combinations. The drug combinations with the same target were eliminated, and the remaining drug combinations (n = 17,713) were scored to identify the optimal drug combinations (n = 2,590). After excluding the unapproved drugs, 1,221 possible drug combinations were identified. The efficacy of two of the drug combinations identified by PINet has been validated in clinical trials or in vivo studies. Röllig et al. (2021) demonstrated the synergy between gemtuzumab ozogamicin and midostaurin in newly diagnosed AML in a phase-I clinical trial. Tian et al. (2018) found that Emricasan and Ponatinib can synergistically reduce ischemia-reperfusion injury in rat brains.
5 DISCUSSION
As the development of new drugs continues to increase, there is a need to develop novel methods to identify optimal drug combinations for managing specific diseases. In this study, we proposed a novel model PINet to make it easier for clinicians to identify optimal drug combinations. When compared with other machine learning models, PINet has several advantages and limitations.
5.1 Advantages of pathway interaction network
5.1.1 Interpretability
PINet is a theory-driven method for evaluating drug combinations based on the assumption that “drugs can correct disease states.” A low PINet score means that the drug combination is more applicable to a specific disease. This simple scoring system used in PINet is easily understood by researchers in the non-data science fields, making PINet easy to generalize.
5.1.2 Non-training set dependency
Unlike machine learning, there is no need to fit all parameters in PINet, and therefore, PINet does not require a training dataset. This is crucial for drug combination prediction for some diseases that lack a training dataset.
5.1.3 High-order drug combinations
Most drug combination prediction models focus on 2-drug combinations since high-order drug combinations are computationally expensive to calculate. PINet takes the same time to evaluate 2-drug combinations as higher-order drug combinations by narrowing the range of candidate drugs based on theory to maintain the computational power consumption within an acceptable range.
5.1.4 Applicable to multiple diseases
A variety of diseases are already included in PINet, and the model’s effectiveness in predicting optimal drug combinations in breast cancer, IBD, AML, and NSCL has already been verified. With the advancement of disease pathway research in KEGG, the applicability of PINet will be extended to more diseases.
5.2 Disadvantages of pathway interaction network
5.2.1 Poor sensitivity to some diseases
The sensitivity of PINet in some diseases, such as AIDS and diabetes, was found to be low in our study. A possible explanation for this could be that the effect of these diseases on genes is expressed as either an up-regulation or down-regulation gene expression. However, PINet simplifies the relationship between diseases and genes to 0 or 1, resulting in the loss of information. Furthermore, most anti-infective drugs target pathogens, and the targets of these drugs do not have corresponding genes in KEGG.
5.2.2 Drug antagonism is not considered
The drug-to-target relationship was simplified to 0 or 1, and the antagonist effects of drug combinations were not considered when assessing the drug sensitivity on PINet. This means that PINet cannot distinguish between synergy and antagonism. Although we avoided competitive antagonism by narrowing down the drug candidates, this does not solve the problem on a theoretical level.
5.2.3 Poor validation
The validation of PINet is not sufficient for the following reasons: Various theoretical models are suitable for different diseases, and there are certain differences in the range of drugs that can be selected, so it is difficult to make an objective comparison (Table 4). In fact, the drug combinations in PINet 1.0 are all derived from clinical guidelines, and many of these drugs lack transcriptome data and cannot be evaluated by the method of (Lee et al., 2012). There are differences between other methods (Cheng et al., 2019) (Chen et al., 2016) (Yang et al., 2008) and PINet1.0 in the indication, which makes it impossible to compare. On the other hand, due to a lack of experimental conditions, it was not possible to validate the accuracy of the PINet predictions.
TABLE 4 | Comparison of different models.
[image: Table 4]5.3 Recommendations for future practice
Several aspects can be improved on PINet to increase its prediction accuracy and applicability.
5.3.1 Differentiate between synergies and indications for drug combinations
In PINet, we evaluate drug combinations by comparing disease states and drug states, considering both synergy and indications of the drug combination together. First, we found that PINet has moderate disease sensitivity but can accurately distinguish synergistic drug combinations from random drug combinations, during the evaluation of the model. In addition, the combination of drugs predicted to treat AML is suitable for ischemia-reperfusion injury, which may be related to the multi-targets phenomenon of drugs and multi-phenotypes phenomenon of diseases (Tian et al., 2018). Furthermore, synergy was identified by relying only on the shortest path in the pathway network without disease information (Chen et al., 2016). Based on the above facts, we suggest that synergy and indication should be two relatively independent attributes of a drug combination and these attributes are relatively independent and may provide a new theoretical basis for the development of a repository for the rapid identification of drug combinations. If the conjecture is correct, PINet could be used in the future to evaluate drug combinations independently of the disease state, eventually increasing the scope of application of the model. As a result, the indications can be isolated and analyzed separately in finer divisions according to the drug function (e.g., anti-inflammatory, or anti-viral) rather than the entire disease.
We plan to elucidate the synergistic effect of drug combinations through information theory. This will enable us to locate key pathways and key genes to define the indications of drug combinations and verify whether the conjecture is correct.
5.3.2 Increase disease sensitivity
The relationship between diseases and genes can be optimized as −1, 0, and one to achieve differentiation of different diseases, thereby improving the disease sensitivity of PINet.
5.3.3 Identify antagonism
The drug-to-target relationship can also be optimized to −1, 0, and one to simulate the antagonistic relationship between drugs. In follow-up studies, we will additionally evaluate the ability of PINet to identify antagonistic drug combinations. Chen et al., 2012, Hopkins, 2008, Hsieh et al., 2021, Zhang et al., 2021.
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FOOTNOTES
1Combinations of three or more drugs.
2The regulatory distance of upstream targets to downstream targets may exceed the shortest path (usually 3).
3Relationship between drugs is predicted by the model. So it does not appear in the model. We assume that the patient has only one disease, so the relationship between diseases does not exist in the model.
4The drug-disease relationship is the data used to evaluate the model. So it doesn't appear in the model.
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The accurate prediction of potential associations between microRNAs (miRNAs) and small molecule (SM) drugs can enhance our knowledge of how SM cures endogenous miRNA-related diseases. Given that traditional methods for predicting SM-miRNA associations are time-consuming and arduous, a number of computational models have been proposed to anticipate the potential SM–miRNA associations. However, several of these strategies failed to eliminate noise from the known SM-miRNA association information or failed to prioritize the most significant known SM-miRNA associations. Therefore, we proposed a model of Graph Convolutional Network with Layer Attention mechanism for SM-MiRNA Association prediction (GCNLASMMA). Firstly, we obtained the new SM-miRNA associations by matrix decomposition. The new SM-miRNA associations, as well as the integrated SM similarity and miRNA similarity were subsequently incorporated into a heterogeneous network. Finally, a graph convolutional network with an attention mechanism was used to compute the reconstructed SM-miRNA association matrix. Furthermore, four types of cross validations and two types of case studies were performed to assess the performance of GCNLASMMA. In cross validation, global Leave-One-Out Cross Validation (LOOCV), miRNA-fixed LOOCV, SM-fixed LOOCV and 5-fold cross-validation achieved excellent performance. Numerous hypothesized associations in case studies were confirmed by experimental literatures. All of these results confirmed that GCNLASMMA is a trustworthy association inference method.
Keywords: microRNA, small molecule, deep learning, association prediction, matrix decomposition
1 INTRODUCTION
As a form of non-coding RNA (ncRNA), MicroRNA (miRNA), is roughly 22 nucleotides in length (Bartel, 2004; Hammond, 2015; Lu and Rothenberg, 2018). Lin-4 was the first human miRNA identified in1993 by Lee et al. in Caenorhabditis elegans (Lee et al., 1993; Wightman et al., 1993). With the advent of high-throughput sequencing technologies, an increasing number of miRNAs with important functions in human gene expression have been identified (Denzler et al., 2016; Tagliafierro et al., 2017; Thomou et al., 2017; Gam et al., 2018; Ghini et al., 2018; Liu et al., 2018). Specifically, miRNAs can attach to the 3′ UnTranslated Region (3’ UTR) of target messenger RNAs (mRNAs) via base-pairing to control the degradation of target mRNAs and limit the translation of target mRNAs, hence regulating gene expression (Gorbea et al., 2017). In the control of target mRNA gene expression by miRNA, one miRNA may regulate many target mRNAs, or numerous miRNAs regulate one target mRNA (Saikia et al., 2020; Iwata et al., 2021; Zhong et al., 2021). Several studies demonstrated the role of miRNAs in the maturation of immune cells (Kumar Kingsley and Vishnu Bhat, 2017). Since the profound impact of miRNAs on biological development became apparent, numerous miRNA types have been identified to be involved in biological evolutionary processes (Rupaimoole and Slack, 2017; Cristino et al., 2019).
Small Molecule (SM) drugs are mostly composed of molecules with molecular weights typically fewer than 1,000 g/mol. More than 98 percent of today’s drugs are SMs (Geng and Craig, 2021). The development of SMs that target miRNAs is a current trend in drug research (Dai and Tan, 2015; Yu et al., 2020). In previous drug development, protein enzymes and receptors were typically employed as therapeutic targets. Over 80 percent of drug development was intimately tied to protein enzymes and receptors (Deyle et al., 2017; Yekkirala et al., 2017; Nair et al., 2018; Lai-Kwon et al., 2021). In recent years, more scientific experiments have proven inextricable linkages between SMs and miRNAs (Healy et al., 2012; Monroig et al., 2015; Haniff et al., 2021). When miRNAs fail to regulate the gene expression of an organism, specific disorders such as cardiovascular diseases, neurological diseases and cancers may develop (Kumari et al., 2018; Xia et al., 2019; Dragomir et al., 2021). In addition, SMs are effective in regulating miRNA dysregulation to treat linked endogenous disorders, and numerous SMs have been created for clinical therapy of these diseases (Dragomir et al., 2021).
The development of novel SMs is facilitated by the accurate identification of miRNA-related SMs. Recent studies have focused on discovering possible associations between SMs and miRNAs (Chen et al., 2021; Li et al., 2021; Wang et al., 2021). Early identification approaches used high-throughput screening methods, such as mass spectrometry, fluorescence and reporter genes (Seth et al., 2005; Parsons et al., 2009; Carnevali et al., 2010; Chen et al., 2012). The most frequent method for discovering potential SM-miRNA associations is the reporter genes. On the basis of the reporter genes, a functional novel drug screening method capable of screening lead compounds was proposed. By substituting biomacromolecules with tiny organic compounds, the screening process for drugs could be expedited dramatically. The use of tiny organic compounds throughout the screening procedure could provide information on the functional responses of cells. (Wen et al., 2015). In drug screening research, luciferase reporter genes satisfy the requirements for high sensitivity, target specificity and high throughput (Thorne et al., 2010).
However, it was discovered that biological screening approaches are stochastic and time-consuming. With the proliferation of bioinformatics databases, the number of known SM-miRNA associations increased, as did the calculational methodologies for SM and miRNA similarity. Consequently, machine learning techniques obtained more precise prediction outcomes (Qu et al., 2019). Bioinformaticians have begun to employ machine learning techniques to predict probable SM-miRNA associations to circumvent time-consuming and labor-intensive biological investigations (Wang and Chen, 2019; Wang et al., 2019).
Among the previous methods for predicting probable SM-miRNA associations, (Qu et al., 2018), developed a model titled Triple Layer Heterogeneous Network based Small Molecule-MiRNA Association prediction (TLHNSMMA). TLHNSMMA first merged the known SM-miRNA associations, SM similarity and miRNA similarity into a three-layer heterogeneous network. The three-layer heterogeneous graph was then implemented with an iterative updating algorithm. Finally, the reconstructed SM-miRNA association matrix was obtained using an iterative propagation approach that made extensive use of global data. Based on the establishment of a three-layer SM-miRNA heterogeneous network, (Liu et al., 2020), suggested a novel model for potential SM-miRNA association prediction called Random Walk with Negative Samples (RWNS). Firstly, RWNS obtained integrated similarities of SM and miRNA. Then, Liu et al. devised a Credible Negative Sample extraction method (CNSMiRS) to extract plausible negative SM-miRNA samples under the premise that dissimilar SMs/miRNAs are unlikely to be associated with each other’s related miRNAs/SMs. Finally, the reconstructed SM-miRNA association matrix was obtained by implementing a random walk algorithm on the constructed small molecule-disease-miRNA association network. However, the performance of TLHNSMMA and RWNS is dependent on the known SM-miRNA association adjacency matrix. Consequently, (Yin et al., 2019), suggested a model of Sparse Learning and Heterogeneous Graph Inference for Small Molecule-MiRNA Association prediction (SLHGISMMA). Yin et al. first used matrix decomposition on known SM-miRNA associations to obtain the new SM-miRNA associations. Then, the new SM-miRNA associations, integrated miRNA similarity and integrated SM similarity were incorporated into a heterogeneous network. Finally, the reconstructed SM-miRNA association matrix was obtained using heterogeneous graph inference. Chen et al. (2021) recently proposed the Bounded Nuclear Norm Regularization for SM–miRNA Associations prediction (BNNRSMMA), which treated the problem of potential SM-miRNA association prediction as a matrix complementation problem. In addition, BNNRSMMA included a regularization term to remove the negative effects of data noise.
In recent years, improvements have been made to machine learning techniques, and deep learning has emerged as one of the brightest new stars (Wang et al., 2020). Deep learning has achieved exceptional results in traditional classification tasks, such as handwritten font recognition (Singh et al., 2021), computer vision (Borges Oliveira et al., 2021) and computational biology (Angermueller et al., 2016). In addition, deep learning has substantially affected the field of potential association prediction. For example, zeng et al. proposed a computational framework termed AOPEDF based on drug-target network and deep forest algorithm to predict potential drug-target associations (Zeng et al., 2020). AOPEDF attained excellent performance in identifying molecular targets among known drugs on two external validation datasets by comparison to other machine learning methods. Therefore, we proposed a model of Graph Convolutional Network with Layer Attention mechanism for SM-MiRNA Association prediction (GCNLASMMA). To evaluate the performance of GCNLASMMA, we used two types of cross validation, namely, 5-fold cross-validation and Leave-One-Out Cross Validation (LOOCV). Additionally, we also utilized two types of case studies to confirm the effectiveness of GCNLASMMA in identifying potential miRNAs for investigated SMs. The results showed that GCNLASMMA could accurately and effectively predict the SM-miRNA pairs most likely to be potentially associated.
2 MATERIALS AND METHODS
2.1 SM-miRNA associations
We named two datasets used in our work after dataset1 and dataset2. Eight hundred and thirty-one SMs in dataset1 were downloaded from three databases, namely SM2miR, DrugBank (Knox et al., 2011) and PubChem (Wang et al., 2009). Five hundred and forty-one miRNAs were downloaded from four databases, namely SM2miR, HMDD (Li et al., 2014), miR2Disease (Jiang et al., 2009) and PhenomiR (Ruepp et al., 2010). Six hundred and sixty-four known SM-miRNA associations were downloaded from a database, namely SM2miR V1.0 (Liu et al., 2013). On the basis of dataset1, we removed the SMs and miRNAs that did not constitute any known association. Then, we obtained dataset2 which included 286 different miRNAs, 39 different SMs and 664 known SM-miRNA association pairs. Specifically, the known SM-miRNA association [image: image] between the [image: image] SM and the [image: image] miRNA was stored as follows.
2.2 Integration of SM similarities
The integrated SM similarity was calculated by (Lv et al., 2015). In his method, a total of four SM similarities were used, namely SM side effect similarity (Gottlieb et al., 2011), gene functional consistency-based similarity for SMs (Lv et al., 2012), SM chemical structure similarity (Hattori et al., 2003) and disease phenotype-based similarity for SMs (Gottlieb et al., 2011). In Lv’s article, the side effect properties of SM were first downloaded from SIDe Effect Resource (SIDER) and calculated by Jaccard score to obtain SMs side effect similarities (Gottlieb et al., 2011). The calculation of gene functional consistency-based similarities for SMs was implemented on the target genes of SMs obtained from the DrugBank and Therapeutic Targets Database (TTD) (Liu et al., 2011). The Gene Set Functional Similarity (GSFS) method was given in the previous article (Lv et al., 2012). Specifically, we downloaded the SM chemical structure information. Then, a graph-based method, SIMilar COMPound (SIMCOMP) (Lv et al., 2012), was applied to obtain SMs’ chemical structure similarities. Finally, the disease phenotype-based similarities for SMs were obtained by calculating the data downloaded from the DrugBank and TTD with the Jaccard score method.
After obtaining all four SM similarities, we named them after [image: image], [image: image], [image: image] and [image: image], respectively. Then, the scores of the four SM similarities were integrated by the following formula,
[image: image]
where [image: image] represents the weights of SM similarities. All of the measures are important in terms of biology. Thus, we set the values of all [image: image] to 1, which means that each SM similarity made an equal contribution to constituting the integrated SM similarity (Li et al., 2004). Finally, the integrated SM similarity [image: image] between the [image: image] and [image: image] SMs was obtained after normalization as follows.
[image: image]
2.3 Integration of miRNA similarities
Two miRNA similarities, gene function consistency-based similarity (Lv et al., 2012) and indication phenotype-based similarity (Gottlieb et al., 2011), were used to obtain integrated miRNA similarity. Specifically, we downloaded the target scores of each miRNA from the database TargetScan (Agarwal et al., 2015) and obtained gene function consistency-based similarity using the GSFS method (Lv et al., 2012). The indication phenotype-based similarity was obtained from the Human MicroRNA Disease Database (HMDD) version 2.0 (v 2.0), miR2Disease and PhenomiR databases using the GSFS method. Then, we combined the gene function consistency-based similarity and the indication phenotype-based similarity using the Jaccard score. Then, we named the two kinds of miRNA similarities after [image: image] and [image: image], respectively. Moreover, the integrated miRNA similarity [image: image] was obtained by the following equation,
[image: image]
where [image: image] and [image: image] represent the weights of miRNA similarities. Also, we set the values of [image: image] and [image: image] to 1, which means each miRNA similarity made an equal contribution to constituting the integrated miRNA similarity. Finally, the integrated miRNA similarity [image: image] between the [image: image] and [image: image] miRNAs was obtained after normalization as follows.
[image: image]
2.4 GCNLASMMA
GCNLASMMA was separated into two steps. The known SM-miRNA association [image: image] was initially decomposed and reconstructed to obtain the new SM-miRNA association [image: image]. The reconstructed SM-miRNA association matrix [image: image] was then obtained by calculating the new SM-miRNA association [image: image] using a graph convolutional network with an attention mechanism. More specifically, we obtained the new SM-miRNA associations by matrix decomposition. Then, the new SM-miRNA association matrix, integrated SM similarity and integrated miRNA similarity were constructed into a heterogeneous network. Finally, the graph convolutional network with layer attention mechanism was applied to obtain the reconstructed SM-miRNA association matrix. GCNLASMMA is a model of a neural network with more hidden layers than other networks. The multi-layer calculation thoroughly considered the known features and avoided overfitting. Moreover, the attention mechanism extracted significant information from each layer, thereby improving the accuracy of association prediction (Niu et al., 2021). The specific flow chart of GCNLASMMA is shown in Figure 1.
[image: Figure 1]FIGURE 1 | The flow chart of potential SM-miRNA association prediction based on GCNLASMMA. Firstly, the matrix decomposition is applied to obtain the new SM-miRNA associations. Then the new SM-miRNA associations, integrated SM similarity and integrated miRNA similarity are constructed into an SM-miRNA association heterogeneous network. Finally, a graph convolutional network with layer attention mechanism is applied to obtain the reconstructed SM-miRNA association matrix.
2.4.1 Matrix decomposition
The existence of noise in known SM-miRNA associations tends to reduce prediction accuracy. Prior research has demonstrated that hidden features with considerable value can be extracted by applying dimension-reduction and noise-reduction to the data (Vidal, 2011). A low-rank matrix is a tool for efficiently obtaining hidden features with significant values (Peng et al., 2012). Therefore, we used matrix decomposition to learn a low-rank matrix from the known SM-miRNA association [image: image]. The decomposition of [image: image] was performed as follows:
[image: image]
Since the above equation contains an infinite number of solutions, we applied the constraint to turn it into:
[image: image]
where [image: image], [image: image]. In Eq. 6, the nuclear norm and sparse norm were applied to constrain [image: image] and [image: image], which allowed [image: image] and [image: image] to be low-rank and sparse matrices, respectively. The balance parameter of low-rank and sparse matrices [image: image] was set to 0.1. According to earlier research, if [image: image] in Eq. 6 is transformed into an identity matrix, then the model is degenerated to the Robust Principal Component Analysis (RPCA), a convex optimization problem with constraints (Chandrasekaran et al., 2009).
[image: image]
Based on the previous work (Meng et al., 2014), Eq. 7 can be converted into an unconstrained optimization problem. Therefore, the problem can be resolved using the Exact Augmented Lagrange Multipliers (EALM) algorithm.
[image: image]
[image: image]
In Eq. 8, the penalty parameter [image: image]. According to the Inexact Augmented Lagrange Multipliers (IALM) algorithm (See Table 1), we fixed other variables and solved the minimum value of [image: image], [image: image] and [image: image] by updating the Lagrange multipliers [image: image] and [image: image]. Moreover, we defined [image: image] and [image: image] as the solution of Eq. 8. [image: image] represents the similarity matrix of miRNA or SM. [image: image] represents the noise matrix. Then, the new SM-miRNA association [image: image] was expressed as:
[image: image]
TABLE 1 | The illustration of the IALM algorithm.
[image: Table 1]2.4.2 SM-miRNA heterogeneous network
In this study, the new SM-miRNA association [image: image], integrated SM similarity [image: image] and integrated miRNA similarity [image: image] were combined into a heterogeneous network. There would be a known association between the [image: image] SM and the [image: image] miRNA if element [image: image] in [image: image] equaled 1. [image: image] represented the integrated similarity between the [image: image] SM and the [image: image] SM. [image: image] represented the integrated similarity between the [image: image] miRNA and the [image: image] miRNA. The specific equation of the heterogeneous network [image: image] construction is as follows:
[image: image]
where [image: image] represents the transpose matrix of [image: image]. In Eq. 10, we normalized the similarity matrix of SM and miRNA by [image: image] and [image: image], respectively. Specifically, [image: image] and [image: image].
2.4.3 Graph convolutional network
As classic network models, Long-Short Term Memory (LSTM) and Convolution Neural Network (CNN) are only applicable to grid-structured data. Nevertheless, the Graph Convolutional Network (GCN) can manage data with generalized topological graph structures and deeply explore the features of the data (Habib and Qureshi, 2020). In this paper, we constructed GCNLASMMA, which is a model for graph convolution of biological information. Specifically, GCN was implemented on the SM-miRNA heterogeneous network [image: image] that was constructed by the known SM-miRNA associations, SM similarities and miRNA similarities. GCN is a neural network structure consisting of an input layer, an output layer and many hidden layers that can represent nodes in a low-dimensional manner. Each hidden layer of GCN takes the output of the previous layer as input. The graph convolutional network propagation rule is as follows:
[image: image]
In Eq. 11, [image: image] and [image: image] denote the embeddings of nodes in the [image: image] and [image: image] layers, respectively. [image: image] is a diagonal matrix of input graph [image: image], [image: image] represents the trainable weight matrix with a layer-specific value, [image: image] denotes the nonlinear activation function.
In the encoder part, to learn low-dimensional representations of miRNAs and SMs, we combined the new SM-miRNA association, integrated SM similarity and integrated miRNA similarity into SM-miRNA association heterogeneous network [image: image]. Firstly, we set a penalty factor [image: image] in the input graph [image: image] during the propagation process as follows:
[image: image]
Then, we initialized the input layer embeddings as:
[image: image]
In this way, we obtained the propagation formula for the first layer from Eqs 11, 13:
[image: image]
In Eq. 12, [image: image] is a weight matrix that acts only between the input layer and the first hidden layer. [image: image] is the first-layer embeddings of the heterogeneous network [image: image], [image: image] is the dimension of the embeddings. Similarly, the propagation rules for the subsequent layers of the GCN encoder followed Eq. 11, where [image: image]. After [image: image] iterations, we obtained [image: image] [image: image] embeddings from different graph convolution layers. Exponential linear elements were used as nonlinear activation functions in the graph convolution layer, which sped up the learning process and significantly improved the generalization performance.
In addition, we tried several different combinations of parameters from the range [image: image], [image: image]. By adjusting the parameters empirically, we set the dimensions of embeddings [image: image], the number of layers [image: image], the initial learning rate of optimizer [image: image], the total training epochs [image: image], the two dropout rates [image: image] and [image: image], the penalty factor [image: image] on both dataset1 and dataset2.
2.4.4 Layer attention mechanism
In addition, the layer attention mechanism was added to this model by introducing an attention mechanism between each layer and storing the position information in [image: image]. As a help for the attention mechanism, we extracted the pertinent information straight from the source data when constructing the embeddings of each layer output during the decoding process. Through this mechanism, we obtained the final SM embeddings and final miRNA embeddings from the fully connected layer: [image: image], where [image: image] represents the final embeddings of miRNA, [image: image] is the final embeddings of SM. The neural network automatically adjusted the value of [image: image] by the initial input value [image: image]. Finally, we obtained the reconstructed SM-miRNA association matrix [image: image] by an activation function as follows,
[image: image]
where [image: image] is a trainable matrix. The corresponding element [image: image] is the potential correlation score between miRNA [image: image] and SM [image: image].
3 RESULTS
To evaluate the performance of GCNLASMMA, we used two types of cross validation, namely, 5-fold cross-validation and Leave-One-Out Cross Validation (LOOCV). The two different datasets include the same known 664 SM-miRNA associations. Specifically, dataset 1 has 831 SMs and 541 miRNAs. On the basis of dataset1, we removed the SMs and miRNAs that did not constitute any known association. Then, we obtained dataset2 which has only 286 different miRNAs, 39 different SMs. In this study, the Area Under the receiver operating characteristic Curves (AUCs) obtained under 5-fold cross-validation based on dataset1 and dataset2 were 0.9721 ± 0.0018 and 0.8393 ± 0.0047, respectively. The global AUC and local AUC obtained under LOOCV based on dataset1 were 0.9751 (global LOOCV), 0.9746 (miRNA-fixed LOOCV) and 0.5014 (SM-fixed LOOCV), respectively. Based on dataset2, the AUCs of GCNLASMMA were 0.8504 (global LOOCV), 0.8490 (miRNA-fixed LOOCV) and 0.6398 (SM-fixed LOOCV), respectively. Additionally, we utilized two types of case studies to confirm the effectiveness of GCNLASMMA in identifying potential miRNAs for investigated SMs. Specifically, GCNLASMMA has predicted the potential miRNAs associated with 5-Fluorouracil (5-Fu, CID: 3385), 5-Aza-2′-deoxycytidine (5-Aza-CdR, CID: 451668) and 17β-Estradiol (E2, CID: 5757). For 5-Fu, the results showed that 9, 16 and 39 out of the top 10, 20 and 50 potential related miRNAs in the first type of case studies, 8, 15 and 39 out of the top 10, 20 and 50 potential related miRNAs in the second type of case studies were validated in other literature or databases, respectively. For 5-Aza-CdR, the results showed that 8, 13 and 26 out of the top 10, 20 and 50 potential related miRNAs in the first type of case studies, 8, 14 and 28 out of the top 10, 20 and 50 potential related miRNAs in the second type of case studies were validated in other literature or databases, respectively. For E2, the results showed that 6, 14 and 29 out of the top 10, 20 and 50 potential related miRNAs in the first type of case studies, 4, 11 and 29 out of the top 10, 20 and 50 potential related miRNAs in the second type of case studies were validated in other literature or databases, respectively.
3.1 Performance evaluation
In 5-fold cross-validation, all known SM-miRNA associations were randomly separated into five subsets of nearly comparable size. Then, each subset was in turn considered as the test sample, and the rest four subsets were treated as training samples. Moreover, all unknown SM-miRNA pairs were regarded as candidate samples. Subsequently, we obtained a predicted association score matrix by GCNLASMMA, and ranked the scores of each test sample against those of the candidate samples. This partition-prediction-ranking procedure was repeated 100 times to obtain a sound estimate of the mean and variance of GCNLASMMA’s prediction accuracy. Finally, the prediction of a test sample was deemed successful if the sample’s rank was higher than the given threshold. Therefore, we utilized the threshold to calculated the false positive rate (FPR, 1-specificity) and the true positive rate (TPR, sensitivity). The FPR and TPR represented the percentage of candidate samples that lower than the threshold and the percentage of test samples that higher than the threshold, respectively. Then, we regarded FPR and TPR as horizontal and vertical axis. The Receiver Operating Characteristic (ROC) curve were plotted. Finally, we attained the Area Under the ROC Curve (AUC) by computing the area under the ROC curves. In this investigation, GCNLASMMA achieved the AUCs of 0.9721 ± 0.0018 and 0.8393 ± 0.0047 under 5-fold cross-validation based on dataset1 and dataset2, respectively.
LOOCV was further classified as either global and local. Then, the local-LOOCV was subdivided into miRNA-fixed LOOCV and SM-fixed LOOCV. In LOOCV, each known SM-miRNA association was in turn considered to be the test sample and the others were treated as the training samples. Moreover, all unknown SM-miRNA pairs were treated as candidate samples. In miRNA-fixed LOOCV and SM-fixed LOOCV, test samples and training samples were chosen similarly. However, in SM-fixed LOOCV, only unknown SM-miRNA pairs containing the selected SM were regarded as candidate samples. Similarly, in miRNA-fixed LOOCV, candidate samples only included those involving the chosen miRNA. Then, we ranked the score of the test sample against those of the candidate samples. Finally, the prediction of a test sample was deemed successful if the rank of this test sample was higher than the given threshold. Based on dataset1, GCNLASMMA attained the AUCs of 0.9751, 0.9746 and 0.5014 under global LOOCV, miRNA-fixed LOOCV and SM-fixed LOOCV, respectively. Based on dataset2, GCNLASMMA attained the AUCs of 0.8504, 0.8490 and 0.6398 under global LOOCV, miRNA-fixed LOOCV and SM-fixed LOOCV, respectively.
The AUC comparison figures based on dataset1 (dataset2) were plotted to determine the differences between GCNLASMMA and other models’ outcomes. AUC = 0.5 would suggest that the model was only capable of random prediction, whereas AUC = 1 would indicate that all test samples were accurately predicted. Figure 2 demonstrates that the results of GCNLASMMA under global LOOCV are significantly better than that of SMiR-NBI. Figures 3, 4 show that the results of GCNLASMMA under miRNA-fixed local LOOCV and SM-fixed local LOOCV were significantly better than those of SLHGISMMA and SMiR-NBI. Furthermore, the AUC of miRNA-fixed local LOOCV based on dataset1 is 0.9746, which means almost all potential SM-miRNA associations in dataset1 were predicted successfully.
[image: Figure 2]FIGURE 2 | The left half of the figure shows the comparison of GCNLASMMA with two comparison algorithms under global LOOCV based on dataset1. As a result, GCNLASMMA, SLHGISMMA and SMiR-NBI achieve AUCs of 0.9751, 0.9273 and 0.8843, respectively. The right half of the figure shows the comparison of GCNLASMMA with two comparison algorithms under global LOOCV based on dataset2. As a result, GCNLASMMA, SLHGISMMA and SMiR-NBI achieve AUCs of 0.8504, 0.7897 and 0.7264, respectively.
[image: Figure 3]FIGURE 3 | The left half of the figure shows the comparison of GCNLASMMA with two comparison algorithms under miRNA-fixed LOOCV based on dataset1. As a result, GCNLASMMA, SLHGISMMA and SMiR-NBI achieve AUCs of 0.9746, 0.9553 and 0.8837, respectively. The right half of the figure shows the comparison of GCNLASMMA with two comparison algorithms under miRNA-fixed LOOCV based on dataset2. As a result, GCNLASMMA, SLHGISMMA and SMiR-NBI achieve AUCs of 0.8490, 0.8106 and 0.7846, respectively.
[image: Figure 4]FIGURE 4 | The left half of the figure shows the comparison of GCNLASMMA with two comparison algorithms under SM-fixed LOOCV based on dataset1. As a result, GCNLASMMA, SLHGISMMA and SMiR-NBI achieve AUCs of 0.5014, 0.7702 and 0.7497, respectively. The right half of the figure shows the comparison of GCNLASMMA with two comparison algorithms under SM-fixed LOOCV based on dataset2. As a result, GCNLASMMA, SLHGISMMA and SMiR-NBI achieve AUCs of 0.6398, 0.6565 and 0.6100, respectively.
3.2 Case studies
To further illustrate the GCNLASMMA’s applicability to identify potential miRNAs, we conducted two types of case studies on three essential SMs, namely 5-Fluorouracil (5-Fu, CID: 3385), 5-Aza-2′-deoxycytidine (5-Aza-CdR, CID: 451668) and 17β-Estradiol (E2, CID: 5757). On the basis of all known SM-miRNA associations, the first type was applied to forecast potential miRNAs for investigated SMs. As the training set, we utilized the known SM-miRNA associations from dataset1. Then, for each investigated SM, we ranked all candidate miRNAs according on their predicted scores. The second type was used to forecast potential miRNAs for investigated SMs without any known SM-miRNA association. Therefore, we removed all verified associations related to the investigated SMs before the prediction and ranked them as the first type of case studies. After ranking all candidate miRNAs for each investigated SM based on their predicted scores, the top 50 predicted miRNAs were picked out and verified in other literature or databases. Moreover, we selected 10, 20 and 50 associations randomly from all potential associations to further demonstrate the validity of GCNLASMMA. The results show that only 0, 0 and 2 out of random 10, 20 and 50 associations are confirmed in other literature or databases (See Table 2), which significantly worse than the top 10, 20 and 50 miRNAs related to investigated SMs.
TABLE 2 | Validation of the random 50 SM-miRNAs associations. The first column records the random 1–25 associations. The second column records the random 26–50 associations.
[image: Table 2]3.2.1 5-Fu
5-Fu, one of the earliest anticancer drugs, can be fully absorbed by tumor cells. Moreover, 5-Fu can decrease tumor cell proliferation by interfering with the formation of DeoxyriboNucleic Acid (DNA) and RiboNucleic Acid (RNA) in tumor cells. It has been demonstrated that 5-Fu has considerable inhibitory effects on various cancer cells. Therefore, 5-Fu is frequently used as a positive control in anticancer drug effect experiments and clinical adjuvant treatment of gastric cancer (Longley et al., 2003). The first type of case studies’ results show that 9, 16 and 39 out of the top 10, 20 and 50 potential 5-Fu-associated miRNAs are confirmed in other literature or databases (See Table 3). The second type of case studies’ results show that 8, 15 and 39 out of the top 10, 20 and 50 potential 5-Fu-associated miRNAs are confirmed in other literature or databases (See Table 4). For example, 5-Fu is the most common chemotherapeutic agent for colorectal cancer. On the one hand, over-expression of hsa-miR-23a causes the resistance to 5-Fu in microsatellite instability colorectal cancer, which results in a diminished effect of 5-Fu chemotherapy (Shang et al., 2014). On the other hand, Ectopic expression of hsa-miR-23a increased the viability and survival of microsatellite stability colorectal cancer cells, thereby leading to the apoptosis of colorectal cancer cells (Li et al., 2015).
TABLE 3 | Validation of the top 50 miRNAs associated with 5-Fu in the first type of case studies. The first column records the top 1–25 related miRNAs. The second column records the top 26–50 related miRNAs.
[image: Table 3]TABLE 4 | Validation of the top 50 miRNAs associated with 5-Fu in the second type of case studies. The first column records the top 1–25 related miRNAs. The second column records the top 26–50 related miRNAs.
[image: Table 4]3.2.2 5-Aza-CdR
5- Aza-CdR can bind to DNA methyltransferases to reduce methylation levels, reducing the biological activity of methyltransferase inhibitors and regulating gene expression. In clinical usage, 5-Aza-CdR is frequently used in clinical settings to treat diseases caused by gene variants (Do Amaral et al., 2019). Additionally, 5-Aza-CdR can suppress tumor cell proliferation via demethylation, making it one of the most potent inhibitors currently available in vitro (Lemaire et al., 2008). Meanwhile, 5-Aza-CdR can enhance the sensitivity of targeted drugs in non-small cell lung cancer chemotherapy, inhibit cell proliferation, accelerate the apoptosis of cancer cells, induce cell differentiation and activate quiescent anticancer cells in the human body. The first type of case studies’ results show that 8, 13 and 26 out of the top 10, 20 and 50 potential 5-Aza-CdR-associated miRNAs are confirmed in other literature or databases (See Table 5). The second type of case studies’ results show that 8, 14 and 28 out of the top 10, 20 and 50 potential 5-Aza-CdR-associated miRNAs are confirmed in other literature or databases (See Table 6). For example, quantitative methylation-specific Polymerase Chain Reaction analysis showed hypermethylation of the choline phosphoglyceride island adjacent to hsa-let-7e, and demethylation treatment with 5-Aza-CdR or transfection of pYr-let-7e-shRNA plasmid containing unmethylated hsa-let-7e DNA sequence could restore hsa-let-7e expression and partly reduce the chemoresistance (Cai et al., 2013).
TABLE 5 | Validation of the top 50 miRNAs associated with 5-Aza-CdR in the first type of case studies. The first column records the top 1–25 related miRNAs. The second column records the top 26–50 related miRNAs.
[image: Table 5]TABLE 6 | Validation of the top 50 miRNAs associated with 5-Aza-CdR in the second type of case studies. The first column records the top 1–25 related miRNAs. The second column records the top 26–50 related miRNAs.
[image: Table 6]3.2.3 E2
In addition to stimulating the growth and maintenance of the reproductive system, E2 exerts protective effects on cardiovascular and other organs. Specifically, E2 can reduce blood cholesterol levels by decreasing Low-Density Lipoprotein (LDL), increasing High-Density Lipoprotein (HDL) and boosting apolipoprotein content (Oh et al., 2019). Moreover, researchers are paying more attention to the anti-inflammatory, antioxidant and anti-apoptotic properties of E2 on cardiovascular diseases such as coronary heart disease and atherosclerosis, are getting more attention from researchers (Tse et al., 1999; Rachoń et al., 2002). The first type of case studies’ results show that 6, 14 and 29 out of the top 10, 20 and 50 potential E2-associated miRNAs are confirmed in other literature or databases (See Table 7). The second type of case studies’ results show that 4, 11 and 29 out of the top 10, 20 and 50 potential E2-associated miRNAs are confirmed in other literature or databases (See Table 8). For example, hsa-miR-23a could be negatively regulated by E2 in both myocardium and cultured cardiomyocytes. Moreover, hsa-miR-23a could directly down-regulate peroxisome proliferator-activated receptor γ coactivator-alpha (PGC-1α) expression in cardiomyocytes via binding to its 3′-untranslated regions, which implied that hsa-miR-23a could be critical for the down-regulation of PGC-1α under E2 deficiency (Sun et al., 2014).
TABLE 7 | Validation of the top 50 miRNAs associated with E2 in the first type of case studies. The first column records the top 1–25 related miRNAs. The second column records the top 26–50 related miRNAs.
[image: Table 7]TABLE 8 | Validation of the top 50 miRNAs associated with E2 in the second type of case studies. The first column records the top 1–25 related miRNAs. The second column records the top 26–50 related miRNAs.
[image: Table 8]4 DISCUSSION
Deep learning offers a wide range of applications in major areas of computer science, such as computer vision, natural language processing and machine translation. More effective models can be obtained by adding hidden layers to standard neural networks. Deep learning also contributes to medication development and precision medicine by predicting potential SM-miRNA associations. Furthermore, deep learning models have more hidden layer nodes than conventional neural networks. The number of hidden layers can even reach ten for extremely complex problems. After multiple layers of calculation, the results of deep learning-based algorithms are often closer to the actual situation than those of traditional machine learning-based algorithms. Initially, we utilized matrix decomposition to reduce noise from known SM-miRNA associations. Then, the layer attention mechanism was introduced to the deep learning model, which significantly improved the performance of our model by integrating the SM-miRNA association feature vectors used for calculation.
GCNLASMMA is a model of a neural network with numerous hidden layers. Multiple layers computations allowed the results to completely consider known features and avoid overfitting. The attention mechanism extracted vital information from each layer of the neural network. Besides, the matrix decomposition module reduced the noise of known SM-miRNA associations, significantly enhancing GCN’s performance. GCNLASMMA was an attempt to identify potential SM-miRNA associations using deep learning. The advantages above enabled GCNLASMMA to accurately anticipate potential SM-miRNA associations.
Deep learning’s spectacular performance is contingent on a vast number of known SM-miRNA associations. The number of known SM-miRNA associations utilized in this investigation was apparently insufficient to fulfill GCNLASMMA. Therefore, the performance of GCNLASMMA was still unsatisfactory. In addition, the parameters used in GCNLASMMA may not be ideal. Moreover, the construction of heterogeneous networks will yield better results if other biological information, such as long non-coding RNA or disease, is utilized. These factors will motivate researchers to develop more effective deep learning models to predict potential SM-miRNA associations using more trustworthy biological datasets.
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Determining the three-dimensional structure of proteins in their native functional states has been a longstanding challenge in structural biology. While integrative structural biology has been the most effective way to get a high-accuracy structure of different conformations and mechanistic insights for larger proteins, advances in deep machine-learning algorithms have paved the way to fully computational predictions. In this field, AlphaFold2 (AF2) pioneered ab initio high-accuracy single-chain modeling. Since then, different customizations have expanded the number of conformational states accessible through AF2. Here, we further expanded AF2 with the aim of enriching an ensemble of models with user-defined functional or structural features. We tackled two common protein families for drug discovery, G-protein-coupled receptors (GPCRs) and kinases. Our approach automatically identifies the best templates satisfying the specified features and combines those with genetic information. We also introduced the possibility of shuffling the selected templates to expand the space of solutions. In our benchmark, models showed the intended bias and great accuracy. Our protocol can thus be exploited for modeling user-defined conformational states in an automatic fashion.
Keywords: AlphaFold, GPCRs (G-protein-coupled receptors), kinases, structure prediction, protein function
INTRODUCTION
X-ray crystallography and cryogenic electron microscopy (cryo-EM) are two widely used techniques for determining the detailed structures of biomolecules at the atomic level (Vénien-Bryan et al., 2017; Wang and Wang, 2017). For structure-based drug discovery and design, having at least one high-accuracy structure is essential (Congreve et al., 2020). Despite recent advances in technology have made more protein structures available (Callaway, 2020), their experimental determination is still a difficult and costly process with a high risk of failure (Lyumkis, 2019). In fact, experimental protein structures represent only a small fraction of the complete set of known protein sequences (The Uniprot Consortium, 2019; Burley et al., 2021). Furthermore, one structure only represents a snapshot of a certain protein state, and may not necessarily be sufficient to understand the overall mechanism of operation. This limitation has important implications for drug discovery, especially for common drug targets such as G-protein-coupled receptors (GPCRs) and kinases, which are known to modulate cellular behavior by switching among multiple structurally different functional states (Attwood et al., 2021; Yang et al., 2021).
The 14th edition of Critical Assessment of protein Structure Prediction (CASP14) has recognized AlphaFold2 (AF2) for its impressive accuracy in predicting monomeric protein structures de novo (Jumper et al., 2021). AF2 makes it straightforward to predict a protein structure from a protein sequence and has provided millions of protein models with estimated accuracy (Tunyasuvunakool et al., 2021). Since the emergence of AF2, a number of deep learning-based methods have been developed with the same goal of predicting protein structures at experimental accuracy (AlQuraishi, 2021; Baek et al., 2021; Chowdhury et al., 2022; Lin et al., 2022). Among them, RoseTTAFold was the first approach that was able to predict both active and inactive GPCR conformations by using templates in a uniform functional state, outperforming comparative homology modeling methods (Baek et al., 2021). This achievement has sparked interest in developing workflows to predict multiple native conformations of a protein target with the state-of-the-art AF2 implementation.
To date, a number of AF2 customizations that adopted different concepts are available (Del Alamo et al., 2022; Heo and Feig, 2022; Stein and Mchaourab, 2022; Wayment-Steele et al., 2022). Del Alamo and co-authors took advantage of a shallow multiple sequence alignment (sMSA) to collect an ensemble of structures, among which multiple native conformations of GPCRs and transporters were identified (Del Alamo et al., 2022). Alternatively, SPEACH_AF (hereafter SPEACH) masked multiple positions in the multiple sequence alignment (MSA) to switch the prediction toward alternative conformational states that were less represented in the MSA (Stein and Mchaourab, 2022). Another protocol removed the MSA (noMSA) and prepared a local database of state-annotated GPCRs to perform AF2 template-based modeling (Heo and Feig, 2022). These methods for sampling conformational changes in proteins have shown great potential, but also have some limitations, such as a reduced breadth of sampled conformations or a high dependence on the structural features of selected templates.
Here, we update our previous protocol (sMSA) to facilitate the collection of templates with user-defined functional or structural properties of GPCRs and kinases. Templates are automatically filtered and retrieved from an annotated database in accord with the specified functional or structural criteria. Through a calibrated balancing of genetic and template-based features, our protocol samples equal or better active GPCR states than all the peer-reviewed methods for sampling alternative states. On a difficult target, randomizing templates to explore the available structural space significantly improved accuracy. In modeling kinase conformations, our protocol enriched the predicted ensemble with models carrying user-defined structural features.
METHODS
We updated our previous modified ColabFold version (Del Alamo et al., 2022; Mirdita et al., 2022) and our python interface to allow users to specify functional or structural properties of templates for modeling GPCRs and kinases. The new implementation and accompanying documentation can be found at https://github.com/meilerlab/AF2_GPCR_Kinase.
GPCRs benchmark
Target PDBs for Lutropin-choriogonadotropic hormone receptor (LSHR), Melatonin receptor type 1A (MTR1A), Prostaglandin E2 receptor EP4 subtype (PE2R4), Beta-1 adrenergic receptor (ADRB1), Parathyroid hormone/parathyroid hormone-related peptide receptor (PTH1R) and Frizzled-7 (FZD7) were 7FII, 7VGY, 7D7M, 7JJO, 6NBF and 6WW2 respectively (Su et al., 2020; Duan et al., 2021; Nojima et al., 2021; Wang et al., 2022). The protein regions corresponding to transmembrane helices (TM-RMSD) were retrieved from GPCRdb (Kooistra et al., 2021). Four workflows were evaluated to predict the active state of GPCRs: ActTemp+sMSA was run with eight sequence clusters and 16 extra cluster sequences combined with the automatic detection of “Active” templates not belonging to the same subfamily. Those number of sequences were chosen to provide evolution-based structural information without changing the activation state inferred from templates. In particular, the script takes the AF2 generated list of templates ranked by sequence identity and filters out all the PDBs not matching the user-defined activation state in accord to GPCRdb annotation. Here, the top 4 templates were used. For LSHR, MTR1A, PE2R4, ADRB1, PTH1R and FZD7 those were (sequence identity in parenthesis): 6H7L_A (20.6%)-6IBL_A(15.9%)-6K41_R(23.1%)-6K42_R(23.7%), 6H7L_A(26.6%)-7P00_R(23.7%)-6IBL_A(19.9%)-7RMG_R(22.7%), 7E32_R(21.9%)-7CKY_R(20.4%)-7CKW_R(19.2%)-7JVP_R(20.4%), 6MXT_A(37.1%)-7CKY_R(36.8%)-7CKW_R(36.8%)-7JVP_R(37.4%), 7F16_R(35.8%)-6M1I_A(26.0%)-6P9Y_R(30.5%)-6VN7_R(32.0%) and 6XBM_R(25.7%)-6XBK_R(19.0%)-6OT0_R(27.2%)-7D76_R(18.3%) respectively. Other AF2 parameters were kept as in our previous pipeline - named sMSA - that used 16 sequence clusters and 32 extra cluster sequences without any template and no recycling (Del Alamo et al., 2022). To remove the MSA (noMSA run), the same implementation published previously was adopted (Heo and Feig, 2022). These runs were then carried out using the GPCRdb API (Application Programming Interface) rather than a local GPCR database to avoid mismatches between the pool of available templates. The SPEACH protocol was applied with a sliding window of 10 masked residues (Stein and Mchaourab, 2022). Thus, the number of models collected with SPEACH was higher than the 50 models collected with other protocols. Unfolded models were discharged.
To assess the impact of randomizing templates, the inactive state structure of Leukotriene B4 receptor 1 (LT4R1, PDB 7K15) was used as a target (Michaelian et al., 2021). The MSA for the aligned regions was removed, and 50 models were generated with and without randomizing templates. The templates used for the models without randomization were 6VI4_A(27.5%)-4ZUD_A(20.0%)-4YAY_A(20.1%)-4N6H_A(20.2%).
EIF2AK4 kinase benchmark
All the experimental structures available were absent from the AF2 training set. Models were predicted by using exactly the same ActTemp+sMSA protocol adopted for GPCRs predictions but with 20 templates instead of 4. The DFG, aC_helix, and Salt bridge KIII.17 and EαC.24 structural features as well as the activation loop orientation used to collect templates were defined according to the KLIF database (Kanev et al., 2021). Unfolded models were discarded.
RESULTS
The original pipeline that was developed to sample alternative conformations was expanded to improve the prediction of GPCRs and kinases in a specific conformational state. Here, templates are selected through structural filters and the resulting structures are combined with genetic information coming from a subset of the MSA to predict models carrying the desired structural properties at high accuracy (Scheme 1). In particular, users can now specify the activation state of GPCRs and the script will look for templates that match that state or are bound to a signaling protein. To do so, one of the following labels must be declared: “Active”, “Inactive”, “Intermediate”, “G protein”, “Arrestin”. For kinases, users can select specific structural feature values and the script will search for templates that match those criteria. Allowed values for the corresponding structural feature are 1) DFG: “out”, “in”, “out-like”, “all”; 2) aC_helix: “out’, “in”, “all”; 3) Salt bridge KIII.17 EαC.24: “yes”, “no”, “all” (McClendon et al., 2014). Optionally, the list of templates that pass the sequence and structural filters can be randomized to explore the available structural space.
[image: Scheme 1]SCHEME 1 | Schematic representation of the method. The protein sequence is used to collect MSA and templates. A subset of sequences and templates are collected by randomly subsampling the MSA and by interrogating webservers to filter templates with user-defined structural properties. The predicted ensemble of structures is biased toward the intended conformation.
In the sections below, we demonstrate how selecting templates in accord with functional or structural properties and combining those with genetic information can influence the predicted structural features of the models. We also show the results of randomizing templates on a difficult target.
Combining a shallow MSA with state-annotated templates achieves state-of-the-art accuracy in predicting GPCRs active state
Our new pipeline was used to predict GPCR models by combining a very shallow MSA with the automatic detection of the best 4 active templates from GPCRdb (ActTemp+sMSA). The benchmark set of these GPCRs consisted of six proteins: LSHR, MTR1A, PE2R4, PTH1R, FZD7 and ADRB1. The first three class A receptors were predicted with the lowest accuracy in a broad benchmark in which the active state was modeled without MSA (Heo and Feig, 2022). PTH1R and FZD7 are members of class B and class F family, respectively. Instead, the active state of ADRB1 was included because the inactive state was part of the neural networks training set. Thus, we targeted the active state with the specific aim of assessing the ability of our implementation to overcome the neural networks preference for the inactive state. For each method, we measured the accuracy as Cα-RMSD (root-mean-square deviation) of the transmembrane helices (TM-RMSD) as well as of the loops with respect to the experimentally determined structure. Our implementation was compared to AF2 workflows designed to sample alternative protein conformations. ActTemp+sMSA consistently generated models with near or subangstrom accuracy for all the GPCRs TM helices, showing state-of-the-art accuracy (Figure 1). Interestingly, our approach and noMSA were the only methods able to overcome the ADRB1 inactive state bias and accurately model the active state with an average accuracy of 0.5 Å on TM helices and 1 Å on loops. On the remaining targets, loops were in general better modeled by protocol leveraging on genetic information than those on templates. In particular, SPEACH—that does not reduce the MSA depth—has shown a consistent good accuracy. By comparing the two methods that leverage on templates (ActTemp+sMSA and noMSA), loops were on average better modeled by the former probably due to the contribution of genetic information compensating for missing or poorly conserved loops in the selected templates.
[image: Figure 1]FIGURE 1 | AF2 accuracy in predicting active state GPCRs with different protocols. ActTemp+sMSA was predicted with templates in the active state and a shallow MSA, sMSA with a shallow MSA only, noMSA without a MSA for templates aligned regions, SPEACH with a sliding window masked MSA. TM-RMSD between experimental active and inactive structures is shown as a dashed line.
Given the separated evaluation of TM helices and loops accuracy, we measured the pTM score per model and assessed Spearman correlation between pTM and global RMSD for each ensemble (Figure 2). Overall, ActTemp+sMSA generated equally or better active state models than noMSA mainly due to higher accuracy in loops modeling. Within each ensemble, correlation is often reasonable and more importantly the best models are often assigned with the highest pTM scores with very few exceptions. However, pTM scores between the two protocols do not seem correlating well with accuracy. In other words, pTM scores often cannot correctly discriminate which protocol generated best active structures.
[image: Figure 2]FIGURE 2 | Correlation between pTM and global RMSD per target. Spearman correlation for each ensemble is indicated below each violin plot.
Shuffling templates in a homogenous functional state can improve accuracy
Given that subsampling the sequence space (i.e., the MSA) returns different models, we hypothesized that randomly selecting a subset of templates can potentially yield more accurate models. To test this, we removed the genetic information within the AF2 pipeline and generated 50 models with and without randomizing inactive templates. For each model, our script selected 4 random inactive state structures from GPCRdb that passed the sequence similarity filter. Accuracy was measured as TM-RMSD from the inactive state structure of LT4R1 (PDB 7K15). The exploration of the structural space defined by the ensemble of all the inactive templates resulted in more accurate models compared to using the top 4 templates (Figure 3A).
[image: Figure 3]FIGURE 3 | Accuracy in predicting the LT4R1 inactive state with and without randomizing templates. (A) TM-RMSD distribution of models. TM-RMSD between experimental active and inactive structures is shown as a dashed line. (B) Superposition of the best model from the random templates ensemble (green) and without randomizing templates (orange) to the experimental structure (gray).
The superposition of the best model in the two ensembles shows improved fitting of the long TM7 helix and better modeling of TM1 and TM6 when using random templates (Figure 3B).
User-defined structural features to bias kinase modeling
The concept of allowing users to define structural features of GPCR templates was also applied to kinases using the KLIF webserver (Kanev et al., 2021). We implemented the possibility to choose templates differing on three conformational properties: DFG, αC-helix (ac_H), and salt bridge KIII.17EαC.24. The script automatically selects and retrieves templates satisfying user-defined values for these three structural criteria. We assessed the effect on the predicted conformations by modeling the EIF2AK4 (GCN2) kinase. We generated four ensembles of 50 models each with the following templates biased features: 1) “DFG=all/ac_H=all”, i.e. all templates are allowed; 2) “DFG=in/ac_H=in” and 3) ‘DFG=in/ac_H=out’ which differ in the αC-helix position regardless of its rotation, i.e. templates have DFG=in but differ in the ac_H conformation; 4) “DFG=out/ac_H=all”, all the selected templates have DFG=out but ac_H is allowed in any conformation. Because DFG is a multi-criteria parameter, instead of measuring whether the predicted DFG corresponds to the selected DFG templates bias, we evaluated the activation loop (a_loop) position which is well-defined and mostly corresponds to DFG. Without biasing the prediction (DFG=all/ac_H=all), most of the models were found in the “a_loop=in/ac_H=out” conformation, while 20% of the pool was in the “a_loop=in/ac_H=in” conformation, and only one model was found with “a_loop=out” (Figure 4A). By biasing the prediction through the selection of ac_H=in and ac_H=out templates in two different ensembles (DFG=in/ac_H=in and DFG=in/ac_H=out), AF2 generated most of the models in agreement with the templates ac_H position. Accordingly, “DFG=in” templates generated only “a_loop=in” conformations (blue and orange bars) while in the only “DFG=out” ensemble we found a significant number of models carrying the “a_loop=out” conformation (green bar). The superimposition of “a_loop=out” and “a_loop=in” models onto the corresponding experimental “DFG=out” (PDB 7QWK) and “DFG=in” structures (PDB 7QQ6) shows an excellent fitting of DFG loops, with a small discrepancy for ‘DFG/a_loop=out’ likely due to the presence of the inhibitor in the experimental structure (Figure 4B) (Maia de Oliveira et al., 2020).
[image: Figure 4]FIGURE 4 | (A) Enrichment of eif2k4 kinase models with structural properties corresponding to the biased template features used. The four ensembles were calculated with a different “DFG/ac_H” templates bias. For each ensemble, the number of models with the three “a_loop/ac_H” conformational feature combinations are shown with a different color bar. (B) Superposition of two models with a_loop=in and a_loop=out to the two corresponding “DFG=in” and “DFG=out” experimental structures. DFG residues of models with “out” and “in” orientations are shown in green and orange, respectively. Experimental structures of eif2k4 are shown in gray.
DISCUSSION
The prediction of user-defined conformational states of proteins has been a challenge even after the advent of AF2. Previous workflows attempting to solve this problem either do not explicitly predict user-defined structural properties or require the creation of state-annotated local structure databases (Del Alamo et al., 2022; Heo and Feig, 2022; Stein and Mchaourab, 2022; Wayment-Steele et al., 2022). In this work, we propose a pipeline that biases AF2 predictions toward the intended functional state of GPCRs or specific structural properties of kinases. One key aspect of our method is its simplicity in use. By leveraging on the API (Application Programming Interface) of two popular web servers, GPCRdb and KLIFS (Kanev et al., 2021; Kooistra et al., 2021), our script filters templates according to pre-defined structural or functional parameters, allowing for a fully automatic selection of templates without the need for manual inspection or for downloading and updating of databases.
Our results in predicting the active structures of several challenging GPCRs show that combining a shallow multiple sequence alignment (MSA) with templates in a user-defined activation state (i.e. structure annotated as Active, Inactive or Intermediate) outperforms existing AF2 workflows. A direct comparison with models predicted without an MSA (noMSA) suggests that the balanced combination of genetic (MSA) and structural (templates) features may be crucial for achieving high accuracy, especially on loops that are usually less conserved and feature higher structural variance. This balanced mixture enables structural refinement of the desired conformational state while avoiding the overwhelming effect coming from a deep MSA, as previously reported (Del Alamo et al., 2022). Another advantage of a balanced mixture of genetic and structural information is its reduced sensitivity to neural network biases, i.e. the conformational preference of the neural network. In our benchmark, target conformations were four class A and one class B1 GPCRs for which inactive structures were more prevalent than active ones in the AF2 training set. Furthermore, the inactive structure of ADRB1 was directly part of the AF2 training set, thus representing a very strong bias. Indeed, protocols relying solely on genetic information (sMSA and SPEACH) were on average less accurate and completely missed the target conformation for ADRB1. On the other side, ActTemp + sMSA and noMSA depend on the presence of high-accuracy templates. Indeed, ADRB1 was predicted with an astonishing low RMSD value due to the high accuracy of the active state templates on both TM helices and loops.
Shuffling templates to predict the inactive state structure of LT4R1 generated better models than by taking the top four sequence identity templates in the inactive state. Regions that were better modeled were indeed different in the top four templates. Suggesting that despite a lower sequence identity, templates randomly chosen from the remaining pool of inactive state structures may have been more suitable to model this conformational state. This kind of approach can be used to expand sampling without changing the desired structural features, like the activation state of a GPCR.
Our efforts to bias the prediction of a kinase toward user-defined structural properties exploited two important structural components that define its activation state: DFG and αC-helix. While the latter was easier to direct toward the intended position, the former was more difficult likely due to the neural network bias in the training set composition. Despite this, we successfully generated multiple models with “DFG=out” conformation. Given that “DFG=out” structures are needed for structure-based drug design and discovery of type-II inhibitors (Ung and Schlessinger, 2015), our script is well positioned to generate models carrying this crucial structural feature. Frequency of sampling the desired structural features may change protein by protein due to multiple factors such as neural network biases, templates features and MSA composition.
Our work expands the portfolio of AlphaFold2 customizations developed with the aim of predicting multiple conformational states of proteins. Our python interface facilitates the prediction of intended functional or structural properties of GPCRs and kinases and can be further extended to include more properties as needed. We also emphasize the importance that structure- and function-annotated databases had for this work. The expansion of existing databases to include additional annotations and the development of new protein family-based databases would improve or enable automatic calibrated modeling, respectively. This is particularly relevant for receptors and transporters that are known to span multiple conformations in their functional cycle. Together, curated databases and machine learning offer a powerful combination for high throughput modeling at high accuracy and, ultimately, for structure-based drug discovery (Sala et al., 2022).
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The new coronavirus SARS-COV-2, which emerged in late 2019 from Wuhan city of China was regarded as causing agent of the COVID-19 pandemic. The primary protease which is also known by various synonymous i.e., main protease, 3-Chymotrypsin-like protease (3CLPRO) has a vital role in the replication of the virus, which can be used as a potential drug target. The current study aimed to identify novel phytochemical therapeutics for 3CLPRO by machine learning-based virtual screening. A total of 4,000 phytochemicals were collected from deep literature surveys and various other sources. The 2D structures of these phytochemicals were retrieved from the PubChem database, and with the use of a molecular operating environment, 2D descriptors were calculated. Machine learning-based virtual screening was performed to predict the active phytochemicals against the SARS-CoV-2 3CLPRO. Random forest achieved 98% accuracy on the train and test set among the different machine learning algorithms. Random forest model was used to screen 4,000 phytochemicals which leads to the identification of 26 inhibitors against the 3CLPRO. These hits were then docked into the active site of 3CLPRO. Based on docking scores and protein-ligand interactions, MD simulations have been performed using 100 ns for the top 5 novel inhibitors, ivermectin, and the APO state of 3CLPRO. The post-dynamic analysis i.e,. Root means square deviation (RMSD), Root mean square fluctuation analysis (RMSF), and MM-GBSA analysis reveal that our newly identified phytochemicals form significant interactions in the binding pocket of 3CLPRO and form stable complexes, indicating that these phytochemicals could be used as potential antagonists for SARS-COV-2.
Keywords: SARS-CoV-2, COVID, 19, machine learning, molecular docking, MD simulation, Corona virus
1 INTRODUCTION
SARS-CoV-2 is a single-strand RNA, positive sense, and enveloped beta coronavirus that causes respiratory, nervous, hepatic, and human gastrointestinal diseases (Tahir ul Qamar et al., 2020) Wuhan, a city in China, was the first city to be infected by the virus in December 2019 (Zhu et al., 2019; Zhou et al., 2020). COVID-19 outbreak was declared a pandemic by the World Health Organization (WHO). The infection spreads rapidly across the World. By the end of October 2020, more than 60 million people were infected by COVID-19, resulting in more than 1.4 million fatalities. The number of patients and fatalities was rising, posing a major threat to global health. High temperature, coughing, shortness of breath, and severe cases that can result in renal failure and even death are some of the symptoms of COVID-19 infections (Rothan and Byrareddy, 2020; Asif et al., 2022), until now, there is no effective treatment available yet.
SARS-CoV-2 is a member of the beta coronavirus family (Marty and Jones, 2020), usually, during the process of transcription, beta coronaviruses produce an 800 kDa polypeptide (Xu et al., 2020). The genome of the novel SARS-CoV-2 was recently sequenced and compared with those of existing coronaviruses (CoVs) by Wu et al. who identified that the novel SARS-CoV-2 belonged to the β-CoVs, which were initially discovered in bats and have now evolved to infect humans (Wu et al., 2020a). The SARS-CoV-2 genome is approximately 30 kb in size and is comprised of at least six open reading frames (ORFs) which are responsible for encoding the whole proteome of the virus. The coding RNA contains the structural, non-structural protein (Nsps) coding regions and the accessory protein-coding region (Durojaiye et al., 2020). The genes on the 3′-terminus encode the four structural proteins including the spike protein, membrane, envelope, nucleocapsid, and many accessory proteins. The membrane, envelope, and nucleocapsid protein protect the virus before entering the host cell. The Spike protein of SARS-CoV-2 comprises S1 and S2 subunits. The receptor-binding domain is a part of the S1 subunit that plays role in the attachment of the virus with the receptor while viral cell membrane fusion is mediated by the S2 subunit, thus facilitating the virus entry (Alanagreh et al., 2020; Jackson et al., 2021). The SARS-CoV-2 virus’s replication and ability to spread are facilitated by numerous crucial proteins and enzymes. Two essential proteases, main protease (3CLPRO) and papain-like protease (PLpro) are necessary for viral replication (Huang et al., 2020; Mouffouk et al., 2021). The non-structural proteins nsp1, nsp2, and nsp3 are known to be cleaved by PLpro, while the remaining 13 are cleaved by 3CLPRO (Klemm et al., 2020). The 3CLPRO cleaves polypeptide sequences after a glutamine residue, making it a perfect drug target as no human host-cell proteases with this cleavage specificity are identified (Hilgenfeld and Hilgenfeld, 2014; Ullrich and Nitsche, 2020).
The structure of the 3CLPRO comprises three important domains, domain-I ranges from 8–101, while domains-II corresponds to position 102–184, followed by the connecting loop from 185–200, which links domain-II and domain-III, domain-III has a total number of 103 residues which lies after the connecting loop from 201–303 (Wu et al., 2020b). Furthermore, the His-41 and Cys-145 form an essential catalytic dyad (Kneller et al., 2020). Small compounds that target conserved viral proteases, such as the major protease, may thus be able to inhibit crucial phases of the SARS-CoV-2 life cycle while causing few adverse effects (Mengist et al., 2021). Approved drugs have been developed for viral infections such as those caused by Hepatitis C virus and human immunodeficiency virus for the target’s serine proteases and aspartyl protease respectively which employ that viral proteases are well-established therapeutic targets (Agbowuro et al., 2018). Antiviral drugs are required in this situation to prevent infection in high-risk populations as well as to treat infected patients. Developing inhibitors that stop coronavirus replication can recover millions of people globally. In the clinical investigations, efforts to repurpose the majority of approved drugs have discovered several promising candidates (such as remdesivir and hydroxychloroquine) but these drugs had little to no effect on mortality and the duration of hospital stay (Luttens et al., 2022). Hence, it is crucial to find new drug candidates that would target various SARS-CoV-2 proteins for increased COVID-19 therapeutic effectiveness (Elmaaty et al., 2022). Despite the significant cost and time required for the development of the new drug, clinical trials only yield a 13 percent success rate, while in 40%–60% of cases, drugs failed to reach the market because of the lack of optimum pharmacokinetic properties (Gurung et al., 2021).
The use of computer-aided drug discovery (CADD) tools helps to accelerate the process of drug discovery and to reduce costs (Macalino et al., 2015) In addition, the advent of supercomputing facilities, algorithms, and tools has enhanced lead identification in pharmaceutical research (Macalino et al., 2018). Artificial intelligence (AI) and machine learning approaches have substantially assisted the analysis of pharmaceutical-related large data in the drug discovery process (Floresta et al., 2022). Furthermore, the structure-based drug development method is specific and successful in identifying lead compounds and optimizing them, and it has aided in the understanding of disease at the molecular level (Yang et al., 2022). In the current study, we employed different machine learning (ML) models for the virtual screening of phytochemicals against the 3CLPRO drug target in SARS-CoV-2. The active hits obtained from ML-based were passed through an electronic filter called PAINS filter and their ADMET (absorption, distribution, metabolism, excretion, and toxicity) properties were examined. The active phytochemicals that passed through the PAINS filter and have enhanced properties were further considered for the molecular docking analysis. Furthermore, the stability and binding energy of these compounds in the active site of 3CLPRO were investigated by 100 ns of MD simulations. Based on our findings we suggest these phytochemicals as potent inhibitors of SARS-CoV-2 3CLPRO, In vitro evaluation of these compounds, is essential for the understanding of their action and mechanism to cope with such a pandemic.
2 METHODOLOGY
The overall workflow of the current study, from the collection and preparation of the dataset of active and inactive compounds, screening of compounds, molecular docking, and binding energy calculations are represented in Figure 1.
[image: Figure 1]FIGURE 1 | Overall workflow of machine learning based virtual screening, molecular docking, and MD simulation study for 3CLPRO (3C like protease) a validated drug target in SARS-CoV-2.
2.1 Preparing and cleaning the dataset
From the binding DB database (Sandhu et al., 2022) a total of 101 molecules were retrieved for 3CLPRO (3C like protease) a drug target in SARS-CoV-2. A total of 500 decoys molecules, which are considered to be inactive, were generated using the DUDE database (Mysinger et al., 2012) Out of the total 601 compounds (Supplementary Table S1), 101 compounds from the binding DB database were labeled as “1” active, and the 500 decoys were labeled as “0” inactive. The Pandas library of python was used for data preprocessing and data cleaning (Santos et al., 2020). The dataset was split into train set (70%) and a test set (30%).
2.2 Features calculation
The 2D features of all the compounds were calculated using MOE (2016) software (Wadood et al., 2022a). Total 206 features were calculated. Feature with 0 or null values were removed from the dataset to reduce the computation time.
2.3 Principal component analysis (PCA)
The dataset was uploaded to iRaPCA v1.0 implemented in the LideB tool in CSV format. The optimum subsets of descriptors were selected from the dataset. The dimensionality was reduced by performing the PCA. The process is based on the principle of feature bagging (Prada Gori et al., 2022). The conventional feature extraction and data representation method used extensively in the fields of pattern recognition is principal component analysis (PCA), generally called as Karhunen-Loeve expansion. PCA is a method for reducing high-dimension data to low-dimension while preserving the majority of the relevant data. The main benefits of PCA are its low noise sensitivity, lower capacity and memory requirements, and increased performance (Karamizadeh et al., 2013).
2.4 Machine learning models
2.4.1 K nearest neighbor model
The distance-based classification algorithm is called k-Nearest Neighbors (kNN), which is an effective and simple machine learning algorithm widely used for the classification of active and inactive compounds in the dataset (Wadood et al., 2022b). The accuracy of the kNN model depends entirely on the quality of the data. One of the most difficult parts of KNN is figuring out how many neighbors to consider. The KNN can be used for both classification and regression (Sarker, 2021a).
2.4.2 Support vector machine (SVM)
SVM is generally used for the classification of data. SVM is based on the principle of calculating margins between two classes. This classifier reduced the error by drawing the margins in a manner where the distance between the margin and the classes is as large, as possible (Noreen et al., 2016). The SVM classifier depends on the kernel function and is more effective for high-dimensional data classification. When the dataset contains additional noise, such as overlapping target classes, SVM does not perform effectively (Sarker, 2021b).
2.4.3 Random forest
Random forest (RF) is an ensemble algorithm made up of several decision trees, similar to how a forest is made up of many trees (Breiman, 2001). To train, the decision trees of a random forest various subsets of the training dataset are used. To classify a new sample, the sample’s input vector must be passed down from each decision tree of the forest. This algorithm classifies the data using majority voting. In terms of performance, RF performs better than a decision tree. For huge datasets, it works effectively. The classifier also calculates which variables or attributes are most significant in the classification (Ul Hassan et al., 2018). The sklearn library of python was used for developing the three machine learning models.
2.4.4 Naïve bayes
The naive Bayesian algorithm is based on the Bayes theorem and is a reliable classification method. A data set can be classified by NB classifier assuming that every feature contributes equally and independently (Patel et al., 2020). In this study, the NB classifier was built using python v.3.9.
2.4.5 Cross-validation and performance evaluation
We used 10-fold cross-validation in this study. The performance of the models was accessed by using several statistical parameters including accuracy, sensitivity, specificity, F1 score, MCC (Ahmad et al., 2021).
2.5 Virtual screening of the asian phytochemicals
A list of Asian plants with notable therapeutic properties was compiled, and then a thorough literature search was performed to determine the phytochemical contents. The compound collection was carried out using Google Scholar, PubMed, MEDLINE, and other web-based resources. A total of 4,000 phytochemical libraries was generated, and the 2D structure of these phytochemicals was retrieved from the PubChem database. Before adding to the library all these phytochemicals were cleaned and energy minimized using the mmff94 force field.
2.6 PAIN filter
Pre-filtering large databases using appropriate molecular properties is a typical approach to reduce computing and get rid of unwanted compounds (Baell and Holloway, 2010). All the active hits were filtered by an online tool PAINS (Wadood et al., 2022c) and only those compounds were further selected for docking that was passed from the PAINS filters.
2.7. Molecular docking study
2.7.1 Preparation and validation of target protein
The 3D structure of SARS-CoV-2 3CLPRO (PDB ID: 6LU7; Resolution: 2.16 Å; Organism: SARS-CoV-2; Method: X-ray diffraction) was downloaded from the RCBS Protein Data Bank (Hatada et al., 2020). There are two chains in the crystal structure: A and C. The macromolecule chain A was chosen as the target receptor. Pymol was used to remove water molecules and heteroatoms from the protein structure (Janson et al., 2017). The structure was then energy minimized using ff14sb implemented in the molecular operating environment (MOE) (Ashraf et al., 2021). The PROCHECK (Laskowski et al., 1996) and ERRAT (Colovos and Yeates, 1993) tools from the Structural Analysis and Verification Server (SAVES) (http://nihserver.mbi.ucla.edu/SAVES) were used to validate the crystal structure. The stereo chemical quality of the protein structure was evaluated using PROCHECK.
2.7.2 Molecular docking protocol
All the phytochemicals predicted as active by the machine learning method were docked into the active site of a SARS-CoV-2 3CLPRO for molecular interaction studies. The crystal structure of the SARs-CoV-2 3CLPRO (PDB ID: 6LU7) is complex with an N3 inhibitor was retrieved from the PDB database. The Inhibitor N3 is linked to the protease at site one of this crystal structure, which contains five cavities for ligand binding (Das et al., 2021). We used the N3 binding site (site 1) for virtual screening of these phytochemicals’ library. For the molecular docking study, MOE v2016 was used to run a docking protocol using rigid and ligand-based docking parameters. The Triangular Matching docking method (default) was used and a total of ten poses were generated for each Phytochemical (Thuy et al., 2020). The best S score hits against 3CLPRO were considered for the molecular interactions study and their 3D images were generated by PyMol software. A total of 05 top-ranked compounds were shortlisted for further molecular dynamic simulations analysis based on the docking score. These phytochemicals are structurally diverse, effective, and new inhibitors for the main protease, according to the docking score, binding mode, and visual ligand interaction.
2.8 MD simulations
Molecular dynamics simulation is a powerful tool to understand the dynamics and interaction behavior of the reference complex and the selected top hits were used. The ff14SB protein force field in Amber 20 package was employed (Salomon-Ferrer et al., 2013a). For solvation of each system, the tip3p water model with box dimension 8.0 was used. All of the systems were adequately solvated and neutralized by adding four Na + ions to counterbalance the charges on the systems. Afterward, energy minimization for 6,000 steps of neutralized complexes was carried out using the steepest descent minimization algorithm, then progressively heated to 300 K before equilibrating density for 2 ns with weak constraints. The whole system was equilibrated at constant pressure for another 2 ns. A Langevin thermostat was used to control the temperature 300 K. Further, a 100-ns MD was performed on the equilibrated systems. For long-range electrostatic interactions, Particle Mesh Ewald (PME) algorithm was used (Darden et al., 1998). For covalent bonds including hydrogen, the SHAKE algorithm was utilized. Finally, a 100 ns MD simulation of all equilibrated complexes at constant pressure and temperature was carried out by using PMEMD.cuda (Salomon-Ferrer et al., 2013b).
2.9 DCCM
The dynamic cross-correlation analysis is useful for explaining the correlation among the residues represented by a three-dimensional matrix. The cross-correlation was calculated by the formula (Junaid et al., 2018)
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Where the mean position of ith and jth atom is represented by ∆ri, ∆rj respectively. Where the angular brackets are used to measure the average time of the entire trajectories produced as a result of MD simulations. Positive Correlated movement such as movement in the same direction is represented by the positive value of Cij, while the negative value of Cij reflects strong anti-correlation movements between the residues. Cpptraj was used to perform DCCM analysis while origin 2021 was used for graphical representations (Perez-Lemus et al., 2022).
2.10 Binding affinity calculations
To study the interaction between protein and ligand, binding free energy calculations play an important role. Using MMPBSA. PY script, the binding free energy between main protease and phytochemicals inhibitors was calculated (Gul et al., 2021). The following equation was used to calculate the free energy of each energy term:
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In the equation, [image: image] represents the total binding free energy, [image: image] denotes the free energy of complex, [image: image] and [image: image] represents the free energy of receptor protein and ligand respectively. The following equation was used to calculate the individual free energy of complex, protein and ligand.
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Where x denotes complex, protein or ligand, the average molecular mechanic potential in a vacuum is given by EMM, the entropic and temperature contribution is represented by TS, while the free energy of the solvation is given by [image: image].
3 RESULTS
3.1 Data preparation
A total of 101 molecules were retrieved from the binding databank database for 3CLPRO a drug target in SARS-CoV-2. The 101, molecules were categorized as active molecules. The remaining 500 decoys molecules were labeled as inactive. The dataset was split into a train set (70%) and test set (30%). Out of the total 601 molecules, the train set contains 420 compounds while the test set contains 181 compounds. The active and inactive compounds of the train and test set are present in Table 1.
TABLE 1 | Train and test set used in the study.
[image: Table 1]3.2 Principle component analysis
Total 208 2D features were calculated with the help of MOE software. The feature with 0 values were removed. As, not every extracted feature will necessarily depict the optimal properties of molecules. Therefore, optimization was carried out to get rid of duplication. Additionally, after applying the PCA the features that have higher significance were used to train the models (Araki et al., 2016). After applying PCA the data size (N) of the dataset was decreased. To evaluate how the PCA manages to maintain the dominant properties throughout the classification tasks. The models were generated by using the entire dataset without optimum features selection and the performance of the models was evaluated. It was found that the accuracy of SVM was very low as 61% and the MCC was 0.27. The accuracy of KNN model was 70% with an MCC value of 0.58 while the accuracy of RF model was 90% with an MCC value of 0.78. However, after the optimum features selection and the reduction of the dimension of the dataset the performance of all the models was greatly improved. If we want to reveal variance in a dataset having x-y coordinates, PCA finds a new coordinate system in which x, y coordinates have a different value. A new coordinate is created by the axes PC1 and PC2. These are combinations of the x-y coordinate system. Figure 2 shows the scatter plot of PC1 vs. PC2 for K = 4.
[image: Figure 2]FIGURE 2 | Scatter plot of PC1 vs. PC2 for subset 23 and K 4.
3.2.1 Chemical space and diversity analysis
The machine learning model’s accuracy is predicted by the chemical diversity of the samples from the training and test sets. The applicability of machine learning models is restricted by a small number of samples. As a result, in the present study’s physiochemical distribution analysis of the training set and test set for the molecular weight (MW) and LogP was conducted (Figures 3, 4) with MW ranging from 50 to 800 Da and LogP ranging from −2 to 15.
[image: Figure 3]FIGURE 3 | The chemical space and diversity distribution of the train set. The molecular weight and LogP define the chemical space.
[image: Figure 4]FIGURE 4 | The chemical space and diversity distribution of the test set. The molecular weight and LogP define the chemical space.
3.3 Models generation and validation
Machine learning algorithms such as kNN, SVM, RF and GNB were used for the classification of the active inhibitors against 3CLPRO. The sklearn library of python was used for developing the models. All the models were trained on the dataset downloaded from the binding DB database. The performance of the models was accessed by using a number of statistical parameters including accuracy, sensitivity, specificity, and MCC. Table 2 displays the over-all performance of the models on the train set while Table 3 displays the performance of all the models on the test set.
TABLE 2 | Overall performance of machine learning models on the train set.
[image: Table 2]TABLE 3 | Performance of models on the test set.
[image: Table 3]Compared to other machine learning models random forest model achieved better accuracy and MCC value. Model performance is proportional to the area under the curve (AUC). RF has the highest AUC, followed by SVM on the training and test set Figures 5, 6. Further, we used RF model to classify the active phytochemicals against the 3CLPRO enzyme. Out of 4,000 phytochemicals, a total of 26 phytochemicals were predicted as active against the 3CLPRO.
[image: Figure 5]FIGURE 5 | The ROC-AUC curve of all the models on the train set. The graph shows the TP against FP rate.
[image: Figure 6]FIGURE 6 | ROC-AUC curve of all the models on the test set. The graph shows the TP against FP rate.
3.4 PAIN filter
Using the online PAINS tool all the hits were examined for their ADMET (absorption, distribution, metabolism, excretion, and toxicity) (Supplementary Table S2) properties. A total of seven compounds were passed from the PAINS filter and only two compounds were out of the limit. The structure of compound along with IUPAC name of the compounds passed from the PAIN filter are given in Table 4.
TABLE 4 | PubChem ID of the compound, IUPAC name of compound and the PAIN filter result of the compounds.
[image: Table 4]3.5 Molecular docking analysis
The hits obtained from ML based virtual screening were further used for molecular docking study. The crystal structure of the SARs-CoV-2 3CLPRO (PDB ID: 6LU7) is complex with an N3 inhibitor was retrieved from the PDB database. PROCHECK tool was used to assess the 3D model’s quality of the 3CLPRO structure using the Ramachandran plot (Figure S2a). The Ramachandran plot for the 3CLPRO structure showed that 84.5% of residues were in the most favored region, while 14.3% were in the additional allowed region, 1.1% residues were in the generously allowed region and 0% residues were in the disallowed region demonstrating the high quality of the 3CLPRO structure. For non-bonded atomic interactions, ERRAT is also known as the “overall quality factor,” with higher scores reflecting the high quality. For a high-quality model, the accepted range is > 50 (Messaoudi et al., 2013) The ERRAT server predicted an overall quality factor of 85.90 for the 3CLPRO structure used in our study (Figure S2b). The interaction of top hits and the reference compound were analyzed, and it was found that all of the compounds have potent inhibitory effects on 3CLPRO. In order to study the interactions of these compounds in detail, the 3D visualization and compound interaction analysis was carried out. According to the interaction details Table 5, Compound 1 has stronger interaction among all of the docked compounds, it has 04 hydrogen bond donor interactions with the active site residues i.e., CYS145, SER46, and MET49, with four hydrogen bond acceptor interactions with HIS41, LEU141, and HIS163, along with one π-stacking interaction with residue THR25 with the docking score of −12.0321. Similarly, the interactions details of Compound 2 reveal that it shares five hydrogen bond donor interactions with key active site residues of the main protease i.e., THR26, MET49, ASN142, CYS145, and MET165, and two π-H interactions with residues with SER46 and THR90 respectively. The interaction table indicates that Compound 3 forms 6 hydrogen bond interactions with His41, Met49, Cys145, His163, and Gln189, and one π-H interaction with Leu 141. Compound 4 shows 04 hydrogen bond donor interactions with the catalytic residues i.e., Thr 25, Thr26, Met49, and His164, and one hydrogen bond acceptor interaction with Gly143, with one π−π interaction with residue His41. Afterward, we analyzed the interaction of Compound 5, the finding of interaction analysis indicates that Compound 5 interacts via four hydrogen bond donor interactions with the key residues including Thr26, Met49, Asn142, and Gln189, while Thr26, and His41 were found in hydrogen bond donor interactions with Compound 5 with a docking score of −10.7164. It has recently been demonstrated that ivermectin inhibits SARS-CoV-2 by up to 5000-fold in vitro with an IC 50 value of ∼ 2 μM (Jan et al., 2021; Kaur et al., 2021). In the docking study, ivermectin was selected as a standard reference inhibitor. The interaction details for the control compound are listed in Figure 7H. The control compound forms 05 hydrogen bonds with the key catalytic residues of main protease Asn119, Cys145, and Met165. The co-crystallized ligand (PDB ID; 6LU7) was removed from the active site and re-docked into thde binding site of 3CLPR in order to evaluate the precision of MOE-Dock. The RMSD value between the top-ranked docked conformation and the co-crystallized ligand was 0.6532 (Figure S3), indicating the strong accuracy of the MOE-Dock procedure (Wadood et al., 2022c).
TABLE 5 | Docking score and interaction of top five hits against the 3CLpro.
[image: Table 5][image: Figure 7]FIGURE 7 | (A) All the three domains of 3CLPRO, (B) active site of the main protease and (C) indicates the interaction of Compound 1 in the active site of 3CLPRO, (D) represents the 3D interactions of Compound 2, (E) indicates the 3D interaction of Compound 3, (F) indicates interactions of Compound 4, (G) indicates the interaction of Compound 5, (H) indicating the three-dimensional interactions of the Control compounds (Ivermectin) with the 3CLPRO.
3.6 MD simulation analysis
3.6.1 Root means square deviation
Root means square deviation (RMSD) analysis was performed to calculate the stability of the top five phytochemicals and reference compound (ivermectin) in the active site of the main protease. We examined and compared the stability of these compounds with the reference and APO protein. The RMSD finding indicates that all these five phytochemicals show stable behavior but some minor deviation. For all the systems the averaged RMSD ranges between 1 and 3 Å. The average RMSD for ivermectin was initially 2.0 Å. Then a small increase was observed in RMSD up to 40 ns, soon after reaching 40ns the system acquired stability and remained stable for the rest of the simulation period. The complex Compound 1 shows significant stability as can be observed, however after 60 ns, the system briefly displayed a small variation. Then the system achieved stability and moved into the production phase. For Compound 2, RMSD reveals that the system shows highly stable behavior in the entire period of simulation, at 20ns minor fluctuations from its mean position were observed, afterward, the system gained stability and no more significant deviations were observed with the average RMSD value of 1.7 Å. For complex Compound 3, the system initially shows stable behavior, at around 15 ns a gradual increase in the RMSD curve was observed followed by a slight decrease in the RMSD curve at 20 ns. After that the system equilibrates with an average RMSD value of 2.1 Å as shown in Figure 8. The Compound 4 complex RMSD analysis reveals that the system initially shows an increase in the RMSD curve but soon after reaching 25 ns the system equilibrates and no significant fluctuations were observed for the rest of the simulation period which indicates the stable binding of Compound 4 compound in the catalytic pocket of 3CLPRO with the average RMSD value of 1.4 Å. Afterward, we analyzed the RMSD of Compound 5 in the active site of 3CLpro, the RMSD curve of the corresponding complex has minor fluctuations at different time intervals, with an average RMSD value of 1.7 Å. The backbone RMSD for the phytochemical bound 3CLPRO was slightly lower than the control indicating the stable binding of these phytochemicals which was further validated by RMSF and MM-GBSA analysis.
[image: Figure 8]FIGURE 8 | RMSD plots of the APO form (Black color), reference complex (Red color) and the top active phytochemicals (A) Compound 1 (B) Compound 2 (C) Compound 3 (D) Compound 4 and (E) Compound 5 bound to 3CLPRO.
3.6.2 Root mean square fluctuation
The individual amino acid fluctuations of the main protease in complex with ligands were computed by RMSF analysis to assess the stability of the active site residues toward the compounds in the entire 100 ns MD trajectories (Figure 9). The RMSF of the main protease in the APO state, reference compound, and all five phytochemicals bounds to the main protease were analyzed and compared to each other, the black line in each plot represents the apo state while the red line indicated the residual flexibility of reference compound bounds to the target protein. Figure 9 shows that residues 51 and 250–260 show higher fluctuations. All these fluctuating residues were not found in the active site and these residues were far away from the active site indicating the stable binding of phytochemicals in the active site of the target protein.
[image: Figure 9]FIGURE 9 | RMSF plots of the APO state (Black), control (Red) and the potent phytochemicals (A) Compound 1 (B) Compound 2 (C) Compound 3 (D) Compound 4 and (E) Compound 5.
3.6.3 Radius of gyration
The radius of gyration is useful for exploring the compactness and folding of the protein, Higher Rg values are indicative of less compactness (more unfolded), while lower Rg values indicate more structural rigidity and strong compactness. The MD simulation study serves to illustrate the effects of inhibitors binding upon the conformation of protein molecules. As illustrated in Figure 10 the results of Rg analysis indicate that these phytochemicals bound to 3CLPRO have less radius of gyration values compared to the apo state, which demonstrates the 3CLPRO, stability, and compactness after ligand binding. The reference compound, Compound 1, and Compound 4 have almost similar Rg values, with an average Rg value of 22–22.3 and 22–22.4 Å while Compound 2, Compound 3, and Compound 5 showed an average gyration of 22–22.5, 22–23.3 and 22–22.4 Å respectively. The compactness of the protein was significantly affected by the binding and unbinding of these phytochemical inhibitors.
[image: Figure 10]FIGURE 10 | Rg plots of Apo (Black), red (reference), and Compound 1-5 are labeled different colors as (A–E) Respectively.
3.6.4 Dynamic cross-correlation matrix (DCCM) analysis
The extent of correlation motion between the residues imposed by the binding of compounds in the active site of 3CLpro was elucidated by the inter-residue correlation analysis. The results indicate that compound 1 in complex with the receptor active site residues showed significantly stronger parallel correlations motions in comparison with the control compound, which further validates that these positive correlation motions may be induced by the acquired interaction of these compounds with the key residues (25–50, 141–145,163), like hydrophilic, hydrogen and hydrophobic. Overall, the DCCM findings demonstrate that the control compound and our identified compound displayed comparable patterns of highly positive correlation. Furthermore, for compound 3 and compound 5 the nearby loops regions were also found in strong positive correlations as shown in Figure 11. The dark green color demonstrates a positive correlation in residues of protein while the dense brown color indicates a negative correlation between the protein residues. The negatively correlated residues move in an anti-parallel direction while the positively correlated residues move in a parallel direction.
[image: Figure 11]FIGURE 11 | DCCM of the APO state, Compound 1, Compound 2, Compound 3, Compound 4, Compound 5, and ivermectin (control) bound to 3CLPRO. The positively correlated movement is represented by green color, while negatively correlated motion is indicated by deep brown color.
3.7 GBSA results
3.7.1 MM-GBSA analysis
Protein-ligand complexes from the MD simulation trajectories were used to calculate the energy parameters to assess the energetics of 3CLPRO to the ligands. The binding free energies of each system were calculated using the MM-GBSA method. Table 6 display the computed average binding free energies and specific energetic contribution components of the final 500 frames. As can be observed, compound 1 has smaller free energy (−56.94 kcal/mol) followed by compound 2 (−55.65 kcal/mol), compound 3 (−53.58 kcal/mol), and compound 4 (−46.95 kcal/mol). It was observed that, as compared to the control system, all the ligands in complex with 3CLPRO revealed high binding affinity demonstrating that all the systems are stable. Out of all, the binding affinity of system one was very high for the receptor. This outcome is consistent with the conclusion drawn from the earlier RMSD and docking analysis i.e., compound 1 showed stable dynamic behavior and established a greater number of non-covalent interactions (Figure 8A; Table 5).
TABLE 6 | Represents MMGBSA Binding Free Energy (kcal/mol) calculation for the selected phytochemicals and control compound.
[image: Table 6]4 DISCUSSION
The increased mortality rate of SARS-CoV-2 has created a pandemic situation globally, no effective drugs and treatments are available to treat COVID-19, however, many clinical trials are undergoing. New infectious agents, like SARS and MERS, have emerged in the last 20 years and have created epidemics. The functional significance of 3CLpro in the viral life cycle and the lack of closely comparable human homologs make 3CLpro an attractive target for the development of antiviral medications (Jin et al., 2020). By targeting the 3CLpro most of the natural compounds play a significant role in the treatment of COVID-19 infections (Jin et al., 2020; Mengist et al., 2020). In vitro, animal models, and clinical trials are all used to study natural compounds that are extracted from medicinal plants, animals, and marine species for the treatment of COVID-19 (Wu et al., 2019; Wei et al., 2020; Sahoo et al., 2021). One of the most promising and effective strategies for combating the current pandemic is still seen to be the use of natural products (ying et al., 2001). Extractions from medicinal plants and their secondary metabolites frequently show strong antiviral properties. Some in vitro studies showed that PSM and viral incubation had direct interference. The viral protein, its lipid layers, and the cell’s lysis can be destroyed by the plants’ metabolites (Akram et al., 2018). There are about six to seven thousand different plant species in Pakistan, of which 700 are regularly used as medicines (Khan et al., 2022). The SARS CoV 2 RdRp was chosen as a receptor for computational drug development in the previous study in which 200 phytochemicals were used for virtual screening. The top 10 ligands among 200 total ligands were chosen based on drug discovery criteria such as S-score, ligand interactions, hydrophobic interactions, and drug-likeness (Mahrosh and Mustafa, 2021).
Developing a new drug against the virus is time-consuming and costly. The ability of computer-aided drug design, on the other hand, to screen a large library of small molecules quickly and accurately may help the researcher to develop a new therapeutic agent against SARS-CoV-2 (Wang, 2020). The virtual screening workflow has made it possible to screen the enormous, diverse chemical library for the identification of powerful inhibitors (Neves et al., 2018). In the drug development processes, machine learning (ML) techniques are frequently used to categorize compounds as potentially active or inactive against a given protein target (Patel et al., 2020). Structure and ligand-based virtual screening frequently yield a high proportion of false positive hits (Deng et al., 2015). To reduce the false positive hits in this work, we used to machine-learning-base virtual screening for the prediction of new inhibitors against the 3CLpro. K-nearest neighbor (KNN), support vector machine (SVM), and Random Forest (RF) algorithm three of the most popular ML algorithms were chosen for virtual screening workflow. In general, classifier performance is evaluated in terms of accuracy. KNN achieved 0.93% accuracy SVM achieved 0.96% accuracy, whereas RF produced 0.99% accuracy on the train set. Our results revealed the best performance of the RF model, so we used the RF model to classify the Asian phytochemicals. Out of 4,000 phytochemicals, a total of 26 phytochemicals were predicted as active against the 3CLpro. These active hits were further docked into the active site of the main protease. Among the 26 docked compounds, Compound 1 was found as the most potent with a docking score of −12.03 and it formed four H-donor interaction with CYS145, SER46, MET49, and four H-acceptor interactions with HIS41, HIS163, LEU141 one pi-H interaction with THR25 active site residues. Compound 2 was found as the second most potent hit with a docking score of −11.45 followed by Compound 3. Compound 2 formed a total of five hydrogen bonds donor interactions with the active site residues including CYS145, MET49, THR26, ASN142, MET165, and two H-acceptor interactions with HIS41, and HIS163. The docking scores as well as interactions of Compound 3, 4 and 5 were also good as compared to the standard compound. The docking score of reference compound ivermectin was −9.53 and it formed a total of four H-donor interactions with CYS 145, MET 165 and one H-acceptor interaction with ASN 119 active site residue. Additionally, dynamics simulation was carried out to comprehend and support the molecular docking study. For all the systems the averaged RMSD was found between 1 and 3 Å. The averaged RMSD for ivermectin was 2.0 Å, initially, up to 40 ns the system undergoes raised up in the RMSD value up to 40 ns, and soon after reaching 40 ns the system acquired stability and remained stable for the rest of the simulation period. The complex Compound 1 shows significant stability as can be observed, however after 60 ns, the system briefly displayed a tolerable variation. The system thereafter became stable and moved into the production phase. For Compound 2, the finding of the stability index in terms of RMSD reveals that the system shows highly stable behavior in the entire period of simulation, at 20 ns minor fluctuations from its mean position were observed, afterward, the system gained stability and no more significant deviations were observed with the average RMSD value of 1.7 Å. For complex Compound 3, the system initially shows invariant behavior, up to 15 ns a gradual increase in the RMSD curve was observed followed by a slight decrease in the RMSD curve at 20 ns afterward the system attains the equilibrated with the averaged RMSD value of 2.1 Å. The protein structure’s compactness as a function of time can be evaluated by the radius of gyration (Ajmal et al., 2022). The RoG analysis revealed compound 1, and compound 4 have almost similar Rg values, with an average Rg value of 22–22.3 and 22–22.4 Å while compound 2, compound 3, and compound 5 showed an average gyration of 22–22.5, 22–23.3 and 22–22.4 Å respectively. The Rg analysis of all the simulated complexes revealed that these phytochemicals formed stable and compact complexes with 3CLPRO. All the short-listed phytochemicals revealed good binding affinity for 3CLPRO. Compound 1 has smaller free energy (−56.94 kcal/mol) followed by compound 2 (−55.65 kcal/mol), compound 3 (−53.58 kcal/mol), and compound 4 (−46.95 kcal/mol). It was observed that, as compared to the control system, all the ligands in complex with 3CLPRO revealed high binding affinity demonstrating that all the systems are stable. The RMSF analysis revealed that Domain II had a stable behavior, whereas Domain I and Domain III’s amino acid residues had more flexibility in the helix and turn regions. The overall finding of RMSD and binding energy indicates that our novel phytochemicals have higher binding capacity toward the active site of the main protease. ML-based workflow combined with molecular docking and molecular dynamics approach reveals that the predicted new active phytochemicals may disrupt the SARS-CoV-2 3CLpro function.
5 CONCLUSION
We used in silico machine learning tools for drug designing against the SARS-CoV-2 3CLpro. The phytochemical dataset with more than 4,000 chemicals derived from the PubChem database was used for virtual screening against 3CLpro. Furthermore, the compound’s inhibitory potential was explored using the molecular docking and MD simulation study. Using these advanced approaches, we found high-potential therapeutic compounds that can possibly inhibit SARS-CoV-2 pathogenesis. The virtual screening process, which includes MM-GBSA methods assists in reducing the list from over 4,000 possible lead compounds to 26 compounds. This research relies only on various computational tools and further it is recommended to evaluate the in-vitro inhibitory potential of these short-listed compounds. Successful assessment and in vitro evaluation of these compounds will help us to use them as a therapeutic option to treat and cope with COVID-19.
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Algorithm: Inexact augmented lagrange multipliers

Input: Known SM-miRNA association matrix A and a = 0.1

Initialize:
X=0,E

Y1=0,Y2=0,u4=10" max, =10, p= L1, e= 10"
While true

1. Fix others and J = argmin ], +}IJ - (X + Y2/l

2. Fix others and X = (I + ATA)(ATA= ATE +] + (ATY, - Y2)/u)
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End while

Output: X* and E*
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Controls Patients

Lumen radius (nm) 1,589 * 421 1452 + 460 p <0001

Thickness of the endothelium (nm) 421 303 481 290 P <0001

Thickness of the basement membrane (nm) 218 £ 69 308 + 118 P <0001

Capillary radius (nm) 2406 + 356 2429 + 440 p=0226
- R I - T N N

Lumen radius (nm) 1589 + 427 1,443 + 464 P <0001

Thickness of the endothelium (nm) 423 £317 485 +294 p <0001

‘Thickness of the basement membrane (nm) 21567 319 +123 P <0001

Capillary radius (nm) 2400 £ 361 2442 £ 422 P =0047
gme & =

Lumen radius (nm) 1,576 + 407 1459 + 459 p=0012

‘Thickness of the endothelium (nm) 419 + 248 456 276 P =019

‘Thickness of the basement membrane (nm) 232£79 287 £ 98 p <0001

Capillary radius (nm) 2425 £ 342 2,388 + 497 p=0411
e N S B

Lumen radius (nm) 1,672 £ 352 1,558 + 393 p=0212

‘Thickness of the endothelium (nm) 375 +228 524 + 290 p=0021

‘Thickness of the basement membrane (nm) 211 £50 25299 P =0037

Capillary radius (nm) 2452 304 2449 £ 377 p=0971
R N R R

Lumen radius (nm) 1,591 = 400 1477 + 449 P = 0006

‘Thickness of the endothelium (nm) 412 £ 245 469 + 279 p=0030

Thickness of the basement membrane (nm) 29+75 281 £99 P <0001

Capillary radius (nm) 2429 £ 336 2,397 + 480 p=0428
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182) Cholesteatoma ( 24) Normal (n

| CsoM | 948 (80.20%) ‘ 489 (39.95%) 48 (7.58%)
‘ Cholesteatoma ‘ 222 (18.78%) ‘ 708 (57.84%) 9 (1.42%)
‘ Normal ‘ 12 (1.01%) [ 27 (2.20%) 576 (90.99%)
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nnUnet Normal vs. the others 0.8732 + 0.1694 0.9558 + 0.0454

CSOM vs. the others 0.8619 £ 0.0776 0.9695 + 00212

Cholesteatoma vs. the others 0.9013 £ 0.0394 09555 + 00242

p_nnUnet Normal vs. the others 0.8873 + 0.1593 09530 £ 0.0526
CSOM vs. the others 09434 £ 00343 0.9916 £ 0.0069

Cholesteatoma vs. the others 09290 + 0.0170 09622 + 0.0316

p represents the fine-tuning results after using the pre-trained model. The above results are the means after five-fold cross-validation. The mloU index is used to describe the average ratio of
intersection and union of all pixel categories in the image segmentation task. In this experiment, the background normal tissue categories were removed to obtain more accurate prediction
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 Normal 6 9 2
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Compound name Rhapontin PD173074 Isoquercetin

QED 0366 0.347 0229

SA Score 3763 3634 4.008

FSP* 0333 [ 05 | 0.286
MCE-18 67.143 [ 2 91
PAINS Alter | 0 [ 0 | 1

Lipinski Rule Accepted Accepted Rejected

Phzer Rule Accepted Accepted Accepted
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Compound rsScore PoseScore CompScore
name

Isoquercitrin 0577 1172 -3828
PD173074 0641 1626 -3374
Gossypin 0348 0938 ~4062
‘7 Rhaponiticin ™ 1447 3553
Homoplantaginin 0265 1962 -3.038
Pyrimidine derivative 0752 2121 ~1.639
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Name

Docking score

Glide ligand efficiency

MMGBSA dG bind

Lig strain energy

Forsythoside A ~16.884 0384 -19.03 47.778

Apigenin 7-O-(2G-rhamnosyl)gentiobioside ~15.204 -0.292 -755 18.267

I Vitexin -4"-O-glucoside ~15.169 -0.361 -59.14 13.998
Kuromanin chloride ~14.644 0458 -56.76 22869
Xylopentaose -14321 -0311 -5468 18.536

Neoeriocitrin ~14.184 -0338 -69.72 2113

Pectolinarin ~14.158 -0322 -62.19 28427

Isoquercitrin -13.789 0418 -60.55 9.111

[ Gossypin -1372 -0.404 -7269 6723
Plantainoside D ~13.697 -0.304 -7294 19812

Neohesperidin -13535 -0.315 -79.03 15.221

Neodiosmin ~13.367 -0311 -75.18 14731

YKL-05-099 -13.297 -0.309 -80.06 11416

Desmopressin -13.228 -0.179 -6458 32245

Rhaponiticin ~13.204 -0.44 -69.41 4781
Luteolin-7-glucuronide -13175 0399 -37.65 11544
Homoplantaginin ~13.049 0395 -5266 7.762

PD173074 -12992 0342 -96.31 4589

Didymin -12788 0304 ~4401 28.096

Pyrimidine derivative ~14.134 -0.267 ~108.12 9293
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VDWAALS ESURF DELTA TOTAL

1 Compound 1 -834745 ~203304 56.6693 X -184312 ~56.9450
‘ 2 Compound 2 ~79.3325 ~20.6400 527843 . ‘ -17.8254 ‘ ~55.6517
‘7 3 VCompo\md 3 sy ~19.5693 518532 . ‘ -19.2984 [ -53.5835
K Compound 4 -64.4348 -163432 417462 . ~13.9835 ‘ ~46.9500
‘ 5 Compound 5 -422227 [ -43191 13.2240 % -10.8921 ‘ -38.0319
. Ivermectin -38.9027 -6.3834 207589 -145924 ‘ -28.9100

I  T————————
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Docking score Ligand Receptor Residues Interaction Distance Energy (kcal/mol)

Compound 1 -120321 [ SG CYS 145 H-donor 406 -05
o s SG CYS 145 H-donor 404 -08
o 1 oG SER 46 H-donor 296 -06 |
[} sD MET 49 H-donor 389 -08
o 2 NE2 HIS 41 H-acceptor 329 -07
o s NE2 HIS 163 H-acceptor 305 -07
o 9 NE2 HIS 163 H-acceptor 328 -18
o 1 cA LEU 141 H-acceptor 349 -06
6-ring cA THR 25 n-H 407 -06
Compound 2 ~114527 o 1 G CYS 145 H-donor 440 -07
o 15 sD MET 49 H-donor 384 -05
o 18 o THR 26 H-donor 286 -14
o 2 op1 ASN 142 H-donor 284 -06
o 25 sD MET 165 H-donor 3.60 12
o 12 NE2 HIS 41 H-acceptor 296 -08
o 1 NE2 HIS 163 H-acceptor 307 -19
6-ting N SER 46 ©H 424 -14
6-ting N THR 90 ©H 433 -06 |
Compound 3 -112783 o s sD MET 49 H-donor 379 -05
o 2 G CYS 145 H-donor 319 -11
[ OE1 GLN 189 H-donor 313 -09
o 2 NE2 HIS 41 H-acceptor 315 -10
o 2 NE2 HIS 163 H-acceptor 319 -10
6-ring cA LEU 141 ©H 380 -05
Compound 4 | 10628 o 4 o THR 26 H-donor 280 [ 22 |
o 6 ND1 HIS 164 H-donor 295 -18
o 9 0G1 THR 25 H-donor 305 -16
c B sD MET 49 H-donor 381 -06
o s N GLY 143 H-acceptor 316 -27
6-ting 5-ring HIS 41 e 327 -00
Compound 5 -107164 o 10 op1 ASN 142 H-donor 31 -19
o 15 o GLN 189 H-donor 307 =
o 18 o THR 26 H-donor 301 -18
c 7 sD MET 49 H-donor 394 |05
o 18 N THR 26 H-acceptor 295 -09
o 30 NE2 HIS 41 H-acceptor 310 -06
IVERMECTIN 95398 o s s CYS 145 H-donor 377 -06
o 6 o ASP 187 H-donor 291 04
c 35 sD MET 165 H-donor 381 -05
c 45 sD MET 49 H-donor 349 -02
o 1 ND2 ASN 119 H-acceptor 343 |08 |
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Compound ID

Structure

IUPAC name

91895373 [(2R3RAS5R,6R)-3,5-dihydroxy-6-[2-(3-hydroxy-4-methoxyphenyl) ethoxy]-4- Passed
(Compound 1) [(283RAR5R,65)-3,4,5-trihydroxy-6-methyloxan-2-yl] oxyoxan-2-yl] methyl (E)-3-(4-
hydroxy-3-methoxyphenyl) prop-2-enoate
10606127 ((28,38,4R,5R)-2-[[(E)-3-(34-dihydroxyphenyl) prop-2-enoyl] oxymethyl]-4-hydroxy-5- Passed
(Compound 2) (hydroxymethyl)-2-[(2R3R4S,5R 6R)-6-(hydroxymethyl)-5-[(E)-3-(4-hydroxyphenyl) prop-
2-enoyl] oxy-3,4-bis[[(25,3R.48,55,6R)-3,4,5-trihydroxy-6-(hydroxymethyl) oxan-2-yl] oxy]
oxan-2-yl] oxyoxolan-3-yl] benzoate
5318857 (5R,108,13R,16R,195)-10-[(48,55)-4-((4S,6R)-4,5-dihydroxy-6-(hydroxymethyl)-3- Passed
(Compound 3) [(28,3R58)-3,4,5-trihydroxy-6-(hydroxymethyl) oxan-2-yl] oxyoxan-2-yl] oxy-3,5-
dibydroxyoxan-2-yl] oxy-16,19-dihydroxy-4,5.9,9,13,19,20- heptamethyl-21-oxahexacyclo
[18.2.2.01,18.04,17.05,14.08,13] tetracos-17-en-22-one
457885 [(2R,35)-2-(3,4-dihydroxyphenyl)-5,7-dihydroxy-3,4-dihydro-2H-chromen-3-yl] (35)-5-(34- | Passed
(Compound 4) dihydroxypheny)-3-hydroxypentanoate
44256914 ((35,45,65)-3,4,5-trihydroxy-6-[5-hydroxy-2-[4-hydroxy-3,5-bis[[(25,55,6R)-3,4,5-trihydroxy- | Passed
(Compound 5) 6-[[(E)-3-(4-hydroxyphenyl) prop-2-enoyl] ox methyl] oxan-2-yl] oxy] phenyl]-3-[(25,55)-
3,4,5-trihydroxy-6-(hydroxymethyl) oxan-2-yl] oxychromenylium-7-yl] oxyoxan-2-yl] methyl
(E)-3-(4-hydroxyphenyl) prop-2-enoate
6321424 (Reference (1R4S,5'S,6R,6'R,8R, 10E, 128,138, 14E, 16E,20R 21R,245)-6"-[ (25)-butan-2-yl] -21,24- Passed

compound)

dihydroxy-12-[(2R 4S,55,65)-5-((25,45,55,63)-5-hydroxy-4-methoxy-6-methyloxan-2-yl]oxy-
4-methoxy-6-methyloxan-2-yl] oxy-5',11,13,22-tetramethylspiro[3,7,19- trioxatetracyclo
[15.6.1.14,8.020,24]pentacosa-10,14,16,22-tetraene-6,2'-oxane] -2-one
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